THESE

presenkea

L'UNIVERSIT E VERSAILLES
ST QUENTIN EN YVELINES

pourobtenirle titre de

DOCTEUR EN SCIENCE
(Doctorof Philosoply)

Specilité
INFORMATIQ UE
par
Hichem SAHBI
Sujet:

MACHINES A VECTEURS DE SUPPORI'S POUR UNE DETECTION
HI ERARCHIQ UE DES VISAGES
(Coarse-to- nesupportvectormachinedor hierarchicafacedetection)

Soutenude 7 Avril 2003devantun jury compo de:

MM. Donald GEMAN (JHU,USA) Directeurdethese
Rachid DERICHE (INRIA, Sophia)  Rapporteurs
Tomaso POGGIO (MIT,USA)

MM. Stéephane CANU (INSA, Rouen) Examinateurs
Claude  TIMSIT (UVSQ, Versailles)

Laurent YOUNES (ENS,Cachan)






A mesparents,

etala mémoire demononcle






Acknowledgments

| would lik e to expressmy gratitudeto my advisorProfessoDonald Gemanfor guidingme deeply
andbrightly during my thesis.Exchange®f ideasandfruitful discussionsvith Don wereandareal-
waysa big sourceof inspirationandthe succes®f my work. He hasdevotedso muchtime andeffort
to teachingmehigh standardsn doingandcommunicatingny research.

| wish to thankthe membersof my committee: Dr RachidDericheand ProfessofTomasoPoggio
for acceptingo be'Rapporteursaswell asProfessorsStephané€anu,ClaudeTimist andDr Laurent
Younedor acceptingo bein thecommittee.

| wouldlik eto expresamy gratitudeto all thosewho gave methe opportunityto achieve thisthesis.|
wantto thankDr NozhaBoujemador receving meatIMEDIA, andfor hergreatsupportandProfessor
ClaudeTimsit for his attentionandcollaboration.

Specialthanksgo to Frargois Fleuretfor his friendly supportandthe closescienti ¢ collaboration
andto mary, mary personsvho contributedto make thesethreeyearsat INRIA veryrich. A special
thanksto ProfessoMichaelMiller for hiswelcomeduringmy stayatthe CISlab (JHU),andProfessor
TomasaoPoggiofor his welcomeduringmy visit at CBCL (MIT), andmary others.



Abstract

We describeanew facedetectioralgorithmbasednahierarchyof supportvectorclassi ers(SVMs)
designedor ef cient computation.The hierarchysenesasa platformfor a coarse-to- nesearchfor
faces:mostof theimageis quickly rejectedas”’background’andthe processinghaturallyconcentrates
on regions containingfacesandface-like structures.The hierarchyis tree-structuredin proceeding
from the root to the leaves, the SVMs graduallyincreasan compleity (measuredy the numberof
supportvectors)and discrimination(measuredy the falsealarmrate), but decreasen the level of
invariance. Reducedcompleity is achieved by clusteringsupportvectorsand shifting the decision
boundaryin orderto satisfy a "consenation hypothesis’that preseres positive responsegrom the
original setof trainingdata. The computations organizedasa depth- rst searchstratgy. Thegainin
efciency is enormous.
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It is thecommorwonderof all men,
howamongsomanymillions of faces
there shouldbe nonealike.

Sir ThomasBrowne.



Chapter 1

Intr oduction

1.1 About faces

1.1.1 Evolution

Sincethe davn of moderntime, humanshave beeninterestedn how naturefunctions,including
themseles. This understandindhasallowed mankindto reproducecertainforms, andto overcome
limits. An impressve exampleis escapingyravitation; (in otherwords ying), andnow thehumanrace
is increasinglyinterestedn reproducingone of the mostimpressve featuresof nature: intelligence
Researcheraretrying to build intelligent machineghat have differentfacilities. Building machines
with thefaculty of visionis probablyoneof the mostchallengingoroblemshumansaretrying to solve.

The humanfaceis oneof the mostfascinatingof all objects:powerful, expressve, andhighly vari-
able. At thesametime, it is a highly specializedartof the body andthe mostcornvincing proof of an
individual'sidentity. How did thefacecometo be soimportant?Evolution (Landaul989)emphasizes
therole of the ervironmentin shapingthe faces form. The modernscienti ¢ theoryof evolution by
naturalselection,rst proposedy CharlesDarwinin , enablesusto understanavhy eachspecies
is adaptedo its particularervironmentandwhy the facelooksandbehaestheway it does.

1.1.2 Motivations

The computervision community startedto pay attentionto face processingsomethree decades
ago, and it hasbeenwidely investigatedrecently (Kanadel1977), (Turk & Pentland1991), (Sung
& Poggio 1998), (Brunelli & Poggio 1993), (Leung et al. 1995), (Osunaet al. 1997), (Rowley
et al. 1998), (Schneidermar& Kanade2000), (Schneidermar& Kanade2002), (Moghaddamé&
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1.2. Challenges

Pentland1997), (Phillips 1999), (Papageagiou & Poggio 2000), (Oren et al. 1997), (Huang et
al. 1998),(Moghaddan& Yang2000)(Moghaddam: Yang2002),(Romdhanktal. 2001),(Fleuret&
Gemanl999),(Viola & Jone2001a), andthelist is very far from exhaustve.

In thisthesiswe aremainlyinterestedn thefacedetectiorproblemwhichmeandow to nd, based
on visual information, all the occurrence®f facesregardlessof who the personis. Facedetectionis
oneof the mostchallengingproblemsin computervision andthereis asyet no solutionwith perfor
mancecomparabléo humansbothin precisionandspeedHigh precisionis now technicallyachieved
by building systemswhich learnfrom a lot of datain orderto minimize errorson testsets. In most
casestheincreasean precisionis achiezed at the expenseof a degradationin run-time performance
and,in majorapplicationshigh precisionis demandedandhencedealingwith computatiorto reduce
processindime is now a problemwith hardconstraints.

1.2 Challenges

Faceappearancdependsnainly on the viewing conditions the geometricasensorsandthe photo-
metricalparametersThe statisticalvariationamongall possiblefaceimagesunderall viewing condi-
tionsis very large,soonequestionwhich arisess: whatis the setof all possiblefaceimagesunderall
viewing conditions? (Belhumeur& Kriegman1996)(Belhumeur& Kriegmanl1998).

Posevariation

Slightchangesn thefaces positionoftenleadto large changesn the faces appearanceThe prin-
cipal factorsare 2D transformationsuchastranslationsaandrotationsin theimageplane(cf. Fig 1.1).
Facesareconsidered@ssemi-rigid3D objectsandtheirappearancearesubjecto rigid transformations,
distortionsandthe perspectie transformationmesultingfrom the geometricabensor

Figurel.1l: Faceposevariation.
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Lighting variations

The variability in facesdueto differencedn illumination is usuallydramatic,anddoesnot leadto
change®nly in contrastbut alsoin the con guration of the shadev. It hasbeenobsened (Moseset
al. 1994)thatthe variability in the imagesof a givenfacedueto illumination changess greaterthan
thatfrom personto personunderthe samelighting. Indoorlighting conditionscanbe well controlled
andhencdacedetectorsachieve very high performanceén suchconditions.For outsidesceneslighting
conditionsareimpossibleto controlresultingin strongvariationsin facialappearance&f. Fig 1.2).

Figurel.2: Lighting conditionvariations.

Shapevariation

Faceshapevariability (cf. Fig 1.3, left) is dueto physiognomyethnicity, physiologicalbehaior,
identity, facialexpressiongtc. Thesevariationsareclassi ed aseitherglobal (height,elongation etc)
or local (noseandmouthshapedistancebetweerthe eyes,etc)(Brunelli& Poggio1993).

Figurel.3: Left: Faceshapevariations.Right: Badkgroundimagesmaylook like faces.
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1.2. Challenges

Many appearance-basegproacheproposedheuseof the poseandintensityinformationto model
andlearndifferentrepresentationsf facesundervaryingconditions(Murase& Nayar1995),(Pentland
etal. 1994),(Sirovitch & Kirby 1987). The maindrawvbackof theseapproachess thatin orderto de-
tectfacesseenin a particularposeandlighting condition, the facesmusthave beenseenpreviously
underthe sameconditions.Clearly, this makesthe decisionvery complex andthevisualselectiontask
quickly getsout of hand.

Hence,a detectionalgorithm shoulddeal with asmary of thesesourcesof variability aspossible,
leaving asfew un-modeledvariationsto be learnedaspossible.This is roughly equivalentto usinga
larger training setcontainingmary “virtual examples’generatedrom real examplesby changingthe
global conditions. It is clearthat a larger training setgenerallyimprovesthe performanceof a face
detectionalgorithm,but it alsousuallyincreaseshe processindgime for trainingandclassi cation,so
reducingvariability is animportantissuein reducingthe sizeof thetraining set,the compleity of the
decisionboundaryandthedif culty of thetrainingandtheclassi cationproblems.
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1.3. Face detection: Related work

1.3 Facedetection: Relatedwork

Many methodsfor face detectionare discussedn the literature, including arti cial neural net-
works (Rowley et al. 1998) (Sung 1996), supportvector machines(Osunaet al. 1997)(Evgeniou
et al. 2000)(Romdhanet al. 2001), Bayesianinference(Cooteset al. 2000), deformabletemplates
(Miao et al. 1999), graph-matchindLeung et al. 1995), skin color learning(Hsu et al. 2001)(Sahbi
& Boujemaa2000) and coarse-to- neprocessingFleuret& Geman2001)(Mola & Jones2001a).
Distinguishingfactorsinclude whetherthey cansolve the facedetectionproblemwith real complex
backgroundscf. Fig 1.3,right) andtherun-timecost.

1.3.1 Finding faceson imageswith a controlled background

In this easycasethe processedmagesare consideredn a pre-de nedstatic or controlledmono-
color backgroundwvhich is removedto extractthe faceboundaries.In this constrainedccontet, these
algorithmssolvethefacedetectiorproblemef ciently; butwhenpresentedavith adifferentbackground,
thealgorithmsfail dramatically

Finding facesby color

Colorprovidesacomputationallyef cient methodwhichis robustundemrotationsn depthandpartial
occlusions. Color propertiesare modeledusing invariant color spacesj.e., the componentsvhich
emphasizekin propertiesegardlesf stronglighting effects. Generallyspeakingtheinvariantspace
(Swain & Ballard 1991)is called the chrominancecolor spaceandis usedto modelandlearnskin
color efciently from a training set using standardclassi ers (Sahbi& Boujemaa2000) (Sahbi&
Boujemaa2002b) (Hsuetal. 2001)(Yangetal. 1998)(Cai& Goshtasbyl999).

Finding facesby motion

The generalideais to detectdifferencesbetweenthe currentand the previous frame in a video
sequencellf the differencebetweenpixel valuesis greaterthana given threshold,the movementis
consideredo be signi cant andthe pixel is setto be of interest. Many prior knowledge(cf. section
belov) canbeusedto decidewhetherapixel of interestbelongto afaceor not (Eleftheriadis& Jacquin
1995),(Sabe& Tekalp1998).

Prior knowledge

It is almostalwaysadvantageouso useprior knowledge.For facedetectionwe know thattheheads
locatedat thetop of thebody, thata humannormallywalksupright,etc(Sobottka& Pittas1996),(Yow
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& Cipolla1998). For example,blinking patternan animagesequencés aneasyandareliablemean
to detectthe presencef afacesinceblinking providesa space-timesignalwhichis easilydetectecand
uniqueto faces(Graumanret al. 2001). The factthat both eyesblink togethemrovidesa redundang
which makesit possibleto discriminatefacesfrom othermotionin the scene Furthermoresymmetry
andthe x edseparatiorbetweerthe eyesprovidesaway to estimatehe sizeandthe orientationof the
head.

1.3.2 Finding facesin a complexbackground

This is the mostinteresting challenging.andpracticalcase sinceit senesmary applications.The
genericapproachis basedon modelingthe face appearanceising 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 (Cooteset al. 2000), support vector machines(Osunaet
al. 199)(Romdhanktal. 2001)andeigenficegMoghaddan& PentlandL995). Othertechniquesre
basedntheanalysisof facialstructuresandinclude: graphmatching(Leungetal. 1995),geometrical
hashing(Lamdanet al. 1998),edgecountingandcoarse-to- neprocessingFleuret& Geman2001),
togethemwith AdaBoost(Viola & Jones2001a) andFloatBoost(Li etal. 2002).

We limit thereview of existing methodsto only the mostrepresentatie state-of-the-artechniques,
andto thosewhich operatein a similar way to our detector:extractingwindows at differentlocations
andscalespre-processingubimagesisingnormalizationtechniqguesandencodingthemusinganap-
propriatestructureor a featurespace. The underlyingextractedinformationis classi ed asface/non
faceusinga suitableclassi er andsearchstratgy. Again, techniquedliffer in thetrainingmodelused,
the amountof training datanecessaryo capturethe compleity of the decisionboundary the facial
representatiomndmainly the searchstratey 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 characterizehe set of negatve examples(Bradley &
Robert1991)(Vetteretal. 1997). Eachindividual facedetectorin the rst stepappliesa setof neural
networks at differentlocationsandscaleswherearbitrationtechniquesreusedto meige overlapping

detectiondgrom individual networks. The neuralnetwork recevesasinputa pixel region of the
imageandrespondgositively or negatively to the presencef a face. The inputimageis repeatedly
down-sampledby a factor of to detectfacesat differentscales. The pixel subimages

processedisinglighting correctionsand histogramequalization. Thesewindows are classi ed using
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a neuralnetwork which hasa retinal connectiorto its input layer. Eachinput window is dividedinto
smallerpiecesof four regions,sixteen regionsandsix overlapping regionswhich
have completeconnectiongo a hiddenunit. The shapeof thesesubrgionswaschosento allow the
hiddenunitsto detectiocal characteristicsvhich might beimportantfor facedetection.The horizontal
stripesallow the hiddenunits to detectfacial componentsuchasthe mouth, or the eyes, while the
hiddenunitswith squareeceptve elds mightdetectndividualcomponentsuchastheeyes,thenose,
or cornersof the mouth. The network at the end hasa single outputwhich indicateswhetheror not
the window containsa face. For tilted facesthe systemusesa separatéde-rotationnetwork” which
analysegheinput window beforeit is processedby the facedetector The input of this network is an
imageof pixels,andif it is declaredaface thenetwork returnsavalid angleandthewindow is
accordinglyde-rotatedo make the faceuprightfor processindy the original uprightneuralnetwork.
This approachs signi cantly fasterthanexhaustvely trying all the orientations.

The algorithmfor frontal facesdetects of faceswith  falsealarmsin the CMU+MIT set.
For tilted faceimages the systemis ableto detect of facesover this testset. The fastversion
of Rowley's detectortakes1.5(s)to processanimageof pixelscontaininguprightfacesand

14(s)to processanimagecontainingtilted facesusinga 175Mhz R10000SGI1 O2.

Face/non-faceclustering

In (Sung& Poggiol1995),(Sung& Poggio1998),the learningis basedon the useof six “face”and
six “non-face” clustersasdistribution prototypesfor the classesf facesand backgroundvherethe
centersaandthevariancesareestimatedisingclusteringtechniquesThefacedetectovisits subimages
for differentlocations,and scales,extractswindows of pixels, and pre-processethem by
maskingin orderto remove backgroundparts. Extra lighting and shadevs are compensatedising
anillumination gradientcorrection,which ts the bestplanefrom the unmasled window valuesand
subtractghe planefrom the underlyingsubimage Eachprocesseavindow is representetdy a vector
which is the setof the Mahalanobigdistancesof the window to  prototypes( for facesand for
background). This vectoris usedasinput to a trainedmuti-layer perceptron(MLP) network which
classi esthewindow asfaceor not. Theauthorsuseda databasef facesandnon-facedo train
the MLP. This facedetectorwastestedon a setof high quality frontal faceimagesof  different
peopleand imagescontaining  faceswith awide variationin quality. For the rst databasethe
systemcorrectly nds 96.3% of faceswhile making3 falsealarms.On the secondestsetthe system
achiezesadetectiorrateof 79.9% with 5 falsealarms.
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Graph models

(Leung et al. 1995) proposedan algorithm for locating quasi-frontalviews of facesin cluttered
scenesThis approachs derivedfrom (Amit & Kong1993)for aligning X-ray imagesof handswhere
the graphsarerestrictedto be of a specialform (triangulated).(Leunget al. 1995)usea probabilistic
modelto scorepotentialmatcheswheremissingfacecharacteristicare handledexplicitly. First, the
imageis convolvedwith a setof Gaussiarderiative lters atdifferentorientationsandscalesn order
to extract components.A faceis representeds a randomgraphwherethe nodesare the extracted
component@andthe arc labelscorrespondo the distancebetweenthesecomponentsThe variability
in differentfacesis characterizedy different facial componentdistanceswvhich are modeledas a
randomvectordravn from a probability distribution. Facelocalizationis performedasarandomgraph
matchingprocessvhereanef cient computationahlgorithmis introducedvhichexploitsthestatistical
structureof the graph. This algorithmwas appliedto a setof framesfrom a lab sequenceand
achiezesa detectiorrateof , eventhough of theimagesin thetestsetshav faceswith (more
than)  rotationin depth.For quasi-frontalviews, the detectionperformances

Facedetectionusing support vector machines(SVMs)

Theproblemof SVM trainingis very challengingvhenthesizeof trainingdatais verylarge,whichis
generallythecasefor thefacedetectionproblem.(Osuneetal. 1997) show thatalargescalequadratic
programmingproblem(Moré & Wright 1993)(Fletcherl980) canbe solved by a decompositioral-
gorithm wherethe original training procedures replacedby a sequencef smallerproblemswhich
are easierto solve andare provedto corverge to the optimal solution. The SVM problemis solved
iteratively usingchunking i.e., solvingan SVM problemusinga buffer containinga subsetrom the
training setwhich is updatediteratively by removing datawhich are not supportvectors,replacing
themby othersandthereforeoptimizing over areducedsetof datavectors.Conditionsareintroduced
to decideif the problemhasbeensolved optimally at a particulariteration. Using SVMs for a large
trainingset,(Osunaetal. 1997) build afacedetectothatoperatedy exhaustvely scanninganimage
atmary scalesandlocationsandclassifyingeach subrgyionasbeingafaceor not. Theauthors
usedmasking histogramequalizatiorandillumination gradientcorrectionto reducenoise,extra-light,
shadevs andto improve contraston faceimages.Two testsetswereusedcontaining respectrely,
high quality imageswith onepersonperimage,andanothersetcontaining imagesof mixedquality
with faces.Thedetectionrateswere with falsealarmsin the rst setand onthe
secondsetwith  falsealarms.
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Coarse-to- ne processing

The main precursorof our work (Fleuret1999)(Fleure®& Geman2001)developeda facedetector
which is entirely basedon edgecon gurationsanddoesnot take into accountthe color information.
This approachs hierarchicaland considersa nestedfamily of classi erstrainedon differentsetsto
achieve a null miss-detectiomrate on thesetraining setswith acceptabldalsealarms. Eachtraining
captures particulartolerancen thefaceappearancehichis de ned by thelocation,thescaleandthe
orientationof faces.

Eachdetectorin the hierarchyis a successionf testsdedicatedo certainlocationsandorientations
in agiven subimage.This approachs motivatedby the geometryof a facewhereits global
form is decomposednto a setof correlatededgefragmentscorrespondingo the presenceof some
facial structuregmouth,contourof the head etc).

At thetop of the hierarchythe varianceof thetraining setis the highest,sothe distribution of these
fragmentghroughthetrainingsetis very spread Whengoingthroughdifferentlevelsin the hierarchy
thesefragmentsaremoreandmorededicatedo particularlocationson areferencesubimageEachlo-
cal detectorin the hierarchycountsthe numberof fragmentsvhich arepresenbna subimage
anddeclareghe subimageasa faceif andonly if thenumberof fragmentsof differentcomplexitiesis
higherthana giventhreshold.(Fleuret& Geman2001)allow thesethresholdgo be controlledin such
awayto have no misseddetectiongo thedetrimentof somefalsealarms.Both thearrangemengetsof
fragmentsaandthresholdsareestimatediuringatraining stagewith the Olivetti database.

FleuretandGemans detectoris scannedicrosgheimageat locationswhich aremultiplesof
pixels,andat four scalesandextractswindows of pixels. In orderto declarea givenwindow
asa“face”,aroot-leafchainof local detectorgcf. Fig 1.4) mustbefoundwhereeachdetectoranswers
“yes” (to the presenceof a face). This approachis very ef cient from an algorithmic point of view
sincethe algorithmdoesnot visit eachlocationand examinethe surroundingmagedata,but rather
only a sparsesub-latticeasthe detectorsaredecreasinglytolerantin locationaswe traversedifferent
levelsof thehierarchy Clearly, this makestherejectionof simpleandbackgroundstructuresxtremely
fastusingtestsof low compleities while morecomplex andface-like structuresarerejectedby testing
the presencef fragmentswith highercompleities. In practice thealgorithmtakes  (s)to process
imagesof pixelsin orderto extractexisting faces.

Recently (Viola & Jones2001a) proposeda real-timeandaccuratdacedetectionalgorithmwhich
canprocessanimageof pixelsin . Theapproachs basedn ef cient featurecom-
putationand selectionusinga new imagerepresentatiomeferredto asthe integral image (discussed
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Figurel.4: Hierarchical posedecompositionEac representsa subsebf geometricposes.

in the following sections)andthe AdaBoosttraining technique(Freund& Schapirel996)(Collinset
al. 2000)(Tieu & Viola 2000).

AdaBoostis aboostingtechniquavhichis usedn (Viola & Jone2001a)(Viola & Jone2001b) both
for trainingandselectinga subsebf critical features amongall the possiblefeatures.The methodre-
strictseachweakclassi er to a singlefeature. The approachis basedon combininga setof weak
classi ersin orderto build astrongerone. At eachstepof training,andamongall possibleveakclassi-

ers, oneis selectedsuchthatits errorrateon thetrainingsetis minimal. Accordingly, the parameters
(threshold weight, etc) of this weakclassi er are estimatedandthe global (strong)classi er is given
asa linear combinationof the selectedweak) classi ers. In this iterative processweak classi ers
(features)which areselecteckarlyyield minimumerrorrateswhile weakclassi ersselectedn further
iterationsmake highererrorsasthe discriminationtaskbecomesharder

Faceprocessingn this approachs achievedby combiningsuccessiely strongerclassi ersin acas-
cade(seeFig 1.5)whereatthe begginningof the cascadea simpletwo-featurestrongclassi er (alinear
combinationof two terms)is usedto Iter mary backgroundstructureg in experiments)while
preservingalmost of faces.To be evaluated this two featurestrongclassi er requiresbetween

Critical in the senseof achieving thelowesterrorratewhenusedto discriminatedatain thetrainingset.
i.e. notexpectedo classifyatrainingsetwith a high precision.
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Figurel.5: Faceprocessingisinga cascadeof strongclassi ers.

Step 2

arrayreferenceso estimateeachfeature(seefollowing sections)pnethresholdoperatiorandone
multiply, additionper featureresultingin approximately —microprocessoinstructions.The number
of featuredn differentstepsof the cascadencreasesandthis makesthe underlyingstrongclassi ers
moreandmorediscriminating,andeventhoughthey aremoreexpensve thanthe strongclassi ersin
the early stepsthe overall meanrun-timeof the global cascadés extremelysmall. Thisis mainly due
to the factthat only faceandface-like rare structuregeachthesestepsrequiringfurther processing.
Notice alsothat thresholdsof strongclassi erscloseto the beginning of the cascadeare adjustedto
have no miss-detections.

Again, thisapproactachieresprocessindy combiningsuccessiely moreandmorecomplec strong
classi ersin the cascade.Simpleclassi ers rapidly determinewherein animagefacesmight occur
while morecomple processings appliedonly on theseregions. Usingthe MIT + CMU testset,the
detectiorrateis about with  falsealarmsandthis detectoiprocesses framesperseconcn
astandard  Mhz Intel PIII.

Notice that the hierarchicalplatformin Fleuretand Gemanis coarse-to- nebothin the poseand
in the compleity of the edgearrangementsasedin the local detectorswhile in Viola and Jonesthe
approachs coarse-to- neonly in compleity (the numberof featuresat a given stepof the cascade).
In this thesis,we usethe samehierarchicalplatform as Fleuretand Gemanto modelthe posein a
coarse-to- neway. Our platformis alsocoarse-to- nein complity asthe numberof supportvectors
is increasingrom thetop to the bottomlevels of the posehierarchy This platform providesa generic
framework to modelinvariancefor differentvisual selectiortasks for instanceacedetectionandcar
ries out ef cient computationusing several classi ers. This is the main motivation for usingsucha
platformto designafacedetectotbasedon anSVM hierarchy
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1.3.3 Speed-upmethodsfor facedetection

Most objectdetectiontasksin computervision are computationallyexpensve becausef the large
amountof datathathasto beclassi ed,andtheneedto usecomplex classi ersto achieve ahighdegree
of precision. In the facedetectionproblem,muchrecentwork is startingto addresgheselimitations

(Rowley 1999),(Sobottka& Pittas1996), (Heiseleet al. 2001), (Fleuret& Geman2001), (Viola &
Jones2002).

Skin color

Skin color classi cation canacceleratdacelocalization(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 & Goshtasbyl999)usea very large training setof skin mapsto modelskin color
histograms. Thesehistogram-basedlassi ers achiere real-timelocalizationof skin, so the idea of

usingskin color to rapidly seekparticularcandidatdaceregionsis of interest(Rowley 1999)(Sahb&
Boujema&a2000).

Figurel.6: Skincolor ltering asa preprocessingtepin orderto directattentionto regionsof interest.

(Rowley 1999)applieda Gaussiarskin color classi erto theaveragecolorof each pixel region
of the input image. The detectorusesa simpletestwhich countsthe numberof skin pixels. If this
numberis greaterthana giventhreshold,in a window, this window is declaredasbeinga
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candidatdacialregion. (Rowley 1999)(Sahb& Boujemaa2001a)(Sahbi& Boujemaa000)alsoused
an adaptve schemeo re ne skin color learning. Initialy, a broadcolor modelis usedto help select
facial regions,and, whenfacesare detectedthe pixels from the centerof the faceare eliminatedto

reducetheeffectsof glassesandeye color; thena secondnorepreciseGaussiaimodelis re-estimated.

Changedetection

With a stationarycamera(cf. Fig 1.7),anda particular x ed backgroundit is possibleto estimate
which portionsof thepicturehave changedn anew frame,soprocessinganbefocusedon only some
portionsof animage. At eachstep,a new backgrounds estimatedandthe differencebetweena new
frameandthe previousoneis computed.A thresholdis usedto checkif a givenchanges signi cant
(Sobottka& Pittas1996).

Figurel.7: Image framedifferencesrovide regionsof motionwhere the maincomputatioris applied.

View-basedlearning and coarse-to- ne processing

To makethedetectiorprocesgaster detectorsanbebuilt whichrespondo facesvhoseposegange
over a particularsubset.In (Fleuret& Geman2001),facedetectionis madecoarse-to- neusinga hi-
erarchyof classi ersarrangedn atreestructure.Theroot “cell” detectodooksfor faceswith location
arywherein an block, in tilt and pixelsin scale.Thisview-basedearning
allows facesto be characterizeavithout usingary a priori knowledgeof thebackgroundTherootcell
detectorconstrainghe posethe least,andhenceyields a high falsealarmrate. Dueto thefactthatthe
top detectoris tolerantby a factorof pixelsin location,mostof the sceneregionsarerejected
usinglittle computationandonly regionscontainingcomplec structuresncluding facesrequiremore
computation.

(Rowley 1999)makesthe facedetectormore e xible by training a coarseneuralnetwork classi er
which detectdaceswhoselocationsarein a block. Thus,this detectorcanbe movedin steps
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of pixelsacrosgheimage,andstill detectsall facesgpresentwvithin thesetolerances(Rowley 1999)

usesalsoa ner neuralnetwork classi erin theregionsof pixelsfor whichthe coarsedetector
respondgositively. To reducethe effort of scanninghese blocks,the authortrainsa neural
network which returnsthe and coordinatef the candidatgaceinsidethe block. These

coordinatesreusedto extractthefacewindow andto validatethefacehypothesisisinga ne detector

Fastfeature estimation

Somemageprocessindgechniquesnake it possibleo extractinvariantfeatures whicharegenerally
unchangedvenif illumination andothereffectscansigni cantly alterthe brightnesson faceimages.
Thesefeaturesare generallybasedon the differential propertiesof imageswhich aremorerobustto-
wardchangesn illuminationthanraw pixel representationgnd,becaus@f dimensionalityreduction,
afeature-basedystemcanin principaloperateasterthana pixel-basedsystem especiallywhenthese
featuresarequickly computed.

1™

(A (B) ()

Figurel.8: Example®f (A) thetwo (B) thethree(C) andthefour rectangularfeatuies.

Many existing facedetectorsextractfeaturesusingcomplex processingf dataandsuffer from the
overheadf computingthem,i.e.,therun-timeto detectfacess largely dominatedy the processingf
faces.Recently(Viola & Jone2001a) proposed new imagerepresentatiorreferredto astheintegral
image.Thebasicideaof theintegralimageis derivedfrom thede nition of thecumulatve distribution
function(CDF) in thetheoryof probability. Let , betwo randomvariableswith possiblevaluesin

and betheunderlyingprobabilitydistribution. Let bethejoint CDF

In thisthesisafeaturevectoris de ned asafacialrepresentationr descriptionin somespaceeferredto asthefeature
space.
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of and . Thus,given , we have:
(1.1)
In the context of imageprocessinggachterm on theright-handsideof the above equation
de nesthevalueof theintegralimageat a givenposition while theleft-handsidede nesasum
of pixel intensitiesinsidethe rectangle . (Viola & Jones2001a) usetheintegral imageto

computetheresponsef a Haarbasis Iter (referredto asa “rectangularfeature”)(Simardet al. 1999)
ata givenlocationandscaleusingonly four arrayreferencegcf. chapter2). Eachrectangulafeature
is usedto computeef ciently theresponsef threeHaarbasis Iters (seeFig 1.8) usingrespectiely

, and arrayreferencesA two, threeandfour Haarbasis Iters arerespectrely de ned as(1) the
differencebetweerthesumof pixelswithin two rectangularegions;(2) thedifferenceof thecumulated
sumof two outsiderectanglesnda centerrectangle(3) the differencebetweenwo pairsof diagonal
rectangles.

36



1.4. Overview and main contributions

1.4 Overview and main contrib utions

Traditionallearningtechniquedor classi cation suchas a multi-layer perceptronMLP) (Bishop
1995)useempiricalrisk minimizationandonly guaranteaninimum error over the training set. The
bias-\ariancetradeof (Gemanet al. 1992), capacity control (Guyon et al. 1992) and over tting
(Montgomery& Peck1992)led to the introductionof a new learningtechnique(Boseret al. 1992)
referredto as SupportVector Machines. SVM is a machinelearningtechniquewhich balanceghe
empiricalaccurag on a particulartraining setandthe capacityof the machineto achieze a smallerror
rateonunseerdata,i.e.,thegeneralizatiorerror of the machine.

Recentadwancesin SVM learningmale it possibleto treatlarge size training problemssuccess-
fully, however computations still aproblem.Thisthesisbringstogethemathematicahndalgorithmic
materialsto tackle the precision/speedradeof in the framavork of optimal designof SVM hierar
chies.We developa combinationof SVM technology(Collins etal. 2000),(Yu etal. 2002),(Osunaet
al. 199), (Niyogi. etal.2001),(Joachimd99&), (Cortes& Vapnik1995),(Joachimd99&), (Cortes
& Vapnik 1995)(Clarksor& Moreno1999),which is currentlyviewed asone of the mostpromising
techniquesn machinelearning,and recentadwancesin ef cient computationand algorithmic mod-
eling. This is thena successfumarriagebetweentwo powerful techniquesn machinelearningand
computervision: SVM andcomputationakf ciency achieved by coarse-to- neprocessindFleuret&
Geman2001)(Sahbetal. 2002)(Mola & Jone2001a) (Amit & Gemanl999)(Li etal. 2002).

Usingthesameposedecompositionasin (Fleuretl999)(Fleure& Gemar001),we proposen this
thesisafacedetectobasedn atree-structuresetwork of SVM classi ers,whichis fastdueto using
only very crudeSVMs at the beginningfollowed by a steadyincreasdan compleity. The compleity
of eachSVM, in termsof thenumbersof supportvectors,s determinedy solvinga constrainednini-
mizationproblem(cf. chaptei5) basedbnamodelfor theoverallmeancostof thenetwork andthefalse
positive errorrate . This analysisis performedunderthe hypothesisf a corvex function ,
which modelsthe backgroundejectionprobability of eachclassi er with respecto its complity
the numberof supportvectors.The designof the hierarchicaldetectorensuregastprocessingf most
of theimagearea,and ne processingnly in areascontainingfaceandface-like structuresthereby
resultingin anef cient facedetector

Goingfrom therootto leavesin thehierarchythestatisticalvariationof thefacesn thelearningsets
associatedavith the interveninginternalnodesbecomesmallerandsmallerwhich makesthe learning

A poseis de ned asthreeparametergposition,tilt andscale)which determingherigid af ne transformatiorof aface
andde ne its appearance.
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procesdessandlessdif cult andresultsin classi erswith decreasindalsealarmrates. Thus, our
approach(Sahbietal. 2001),(Sahbietal. 2002)attemptdo continuouslyre ne thelearningby further
constraininghe pose.By performingcrudedetectorsrst thereis anef cient reductionin errors(false
alarms)with a goodpreserationof faceandface-like structuresThesestructuresareprocessedising
ne (andrelatively expensve)classi ers.

Sinceinvarianceis explicitly modeledin the completehierarchy thereis no needto train a mono-
lithic classi erthatinducesheinvarianceusinga very hugetrainingset. Traininga classi er with this
orderof magnitudeandinvariancenouldyield ahighly complex SVM classi er with ahugenumberof
supportvectors.Ourhierarchicaframevork overcomeghis dravbackandis interpretedasthegeneral-
izationof view-basedearning(Pentlandetal. 1994)(Ravley etal. 1998)(Mola & Jone2001a), andcan
alsobeinterpretedn the framewnork of sourcecodingandinformationtheory(Amit etal. 1997)(Amit
& Gemanl999). This approachprovidesa low-to-highfrequeng scoringof the posewherea nested
family of classi ersaremoreandmorediscriminatingandeasyto learn.

The SVM classi er relatedto the largestposecell in the hierarchysetdoesnot learnperfectlyhow
to separatdetweerbackgroundandfacesn all theseappearancesiowever, this classi er guarantees
the conservatiorhypothesisi.e., it learnsto rejecta lot of backgroundsubimagesvhile attempting
to acceptall faceandface-like structures.This agumentis extendedto all SVM decisionboundaries
whengoing from theroot to the leaves, but the rejectioncapabilitiesof theseclassi ersincreasewith
respecto thelevel. Consequentljtheamountof datawhich couldbeusedin learningexactly the pose
variationis usedinsteadto learnthe non-linearandlocal facedeformations. Thus, falsealarmsare
reducedfrom top to bottom,andonly real faceandface-like structuregeachthe leaf-cell classi ers
(leaftests).Thesetestsaremoreexpensve to evaluatebut arevery rareandthe mostdiscriminating.

Several proposalshave beenmadein the literatureto reducethe complity of an SVM deci-
sion boundary(a local detectorin our hierarchy)(Lee & MangasariarR001)(Fung& Mangasarian
2001)(Buges& Schblkopf 1997) (Osuna& Girosi 1998). The mostrepresentatie state-of-the-art
methodis the “reducedsettechnique”(Burges& Sclhblkopf 1997)(Schlkopf etal. 1998)which gen-
eratesa setof supportvectorsandassociateaveightsasaresultof anoptimizationproblem.However,
thereducedsettechniquas morecomplex thansolvingtheoriginal SVM problemsincetheminimiza-
tion is carriedout in a spaceof dimension , Where is thedimensionalityof the featurespace
and is the expectednumberof supportvectors. In addition,the form of the underlyingobjectve
functionis in generalnot corvex anddif cult to solve. Moreover, the performanceof the simpli ed
classi er is not guaranteedo be consistentvith thatof the initial one,and,eventhoughexperiments
arevery encouragingno equialencen termsof the generalizatiorperformances demonstratetheo-

38



1.4. Overview and main contributions

reticallyin (Burges& Sclolkopf 1997)(Burges1996)(Sclholkopf etal. 1998).

Thus,we proposeanef cient decompositioralgorithmwhich solvesa sequencef smallerandeas-
ier minimizationproblemsusingclustering.This algorithminitializesef ciently the parametersf the
optimizationproblemrelatedto the reducedsettechniqueand helpsthe minimizer getcloserto the
optimum.Furthermoregachsimpli ed local detectoris built to achiesze a null falsenegative rateusing
the conseration hypothesisj.e., it learnsto rejectmary backgroundsubimagesvhile taking careto
accept,in principle, all faceandface-like structures. Thus, we extend the reducedset techniqueto
implementthe conseration hypothesisisingbiasvariationandwe proposealsoan ef cient boundon
thegeneralizatiorperformance.

Anothercontributionin thisthesisis a new scaleinvariantkernel(Sahbi& Fleuret2002)of anexpo-
nentialform which makesit possibleto automaticallyadaptthe decisionboundaryto the scaleof the
trainingproblem.A new theoreticatesultshonvsthatboththeformulationof theminimizationproblem
andtheform of thedecisionboundaryareunchangedavith respecto thescaleof thetrainingset.Hence
it is notnecessaryo usethecrossvalidationprocesso nd thebestscaleparameteasin thecaseof the
Gaussiarkernel. Givena family of Gaussiarkernelswith differentvariancesgxtensie experiments
show that SVMs trainedusingour kernelachiave at leastsimilar generalizatiorperformancesthose
trainedusingthe bestGaussiarkernel,i.e., which is found usingcrossvalidationto estimatethe scale
parameter

At theend,thefacialrepresentatiors alsoanimportantfactorin the succes®f the visual selection
task.For instancegdiscriminatingfacesfrom eachother i.e., facerecognition,is basedn the high fre-
guencycharacteristics i.e., facial details(Sahbi& Boujemaa2001b)(Sahbi& Boujemaa2002) and
this problemis not the subjectof this thesis. On the otherhand,discriminatingfacesfrom the back-
ground,whichis ourgoal,requiresafacialrepresentatiomwhich captureghelow frequencycharacter
istics of faceg(i.e., the generalproperties)ithout taking detailsinto account.Taking the eigervector
decompositionthe generalpplicability of this lineartransformatiormethodfor appearance-baset-
jectdetectionandrecognitionhasbeencorvincingly demonstrateth (Turk & Pentlandl991)(Murase
& Nayar1995)(Moghaddan& Pentland1995)(Moghaddan& Pentland1997). This decomposition
allowstherankingof the principalmodeof variationof thelearnedobjectsin termsof eigervaluesand
their correspondingigervectors. Axes (eigervectors)correspondingo the highestvaluesof eigen-
valuescapturethe mostimportantcharacteristicsuchas the whole shapeof objectswhereasaxes
correspondingo low eigervaluescapturedetails.

The conjugategradientdescentnethod.
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Thelow frequeng coefcients resultingfrom the DWT (DiscreteWavelet Transform)(Meyer 1992)
(Mallat 1989)arealsorelatedto the whole shapeof faceswhereashigh frequeng coefcients repre-
sentdetails. As demonstratedh (Evgeniouet al. 2000), waveletscan outperformthe eigenandthe
raw pixel representationsvhen usedfor objectdetection. In chapter2, this techniqueis discussed
anda framawork is provided to ef ciently encodefaces. We alsodiscussa fastversionof the Haar

wavelet decompositiorderived from (Viola & Jones2001a) wherea fastnormalizationtechniqueis
alsopresented.
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1.5 Outline of the thesis

At this point, mary questionshave arisen:whatis anappropriateacial representatioandthe best
kernelto trainanSVM for facedetectionAVhatis the bestcompleity/ precisiontradeof of our SVM
hierarchy?And, providedthatthe SVM hierarchyis designedhow canwe build eachsimpli ed SVM
classi er suchthatthe conseration hypothesiss guaranteedTheseissuesareconsideredn the fol-
lowing order:

In the secondchaptey we discussrapid facenormalizationand the featurespaceusedto train the
SVM machinery In thethird chaptemwe review SVM training, kernelselectionandthe generalappli-
cationto atwo-classseparatiomproblemsuchasfacedetection.Themaincontribtution of this chapteiis
ascale-ivariantkernelwhich allows thedecisionboundaryto beadaptedo thescaleof thetrainingset
andavoidsthecrossvalidationprocesotherwisenecessaryo nd thebestparameter$or the selected
kernel. Thehierarchyof classi ersis presentedh chapted, wheretwo networks(hierarchies)referred
to asthef-network andthe g-network areanalyzed.The conseration hypothesigs alsointroducedas
anecessargonditionto minimizethe numberof miss-detections.

We presentjn chapters, a framework for optimally tuning the compleity of SVM classi ers(de-
ned asthe numberof supportvectors)for eachlevel in the hierarchysuchthat the averagecompu-
tationalcostof the global detectori.e, executingthe network, is minimized. In chapter6, we present
anew formulationof the “reducedsettechnique”(Burges& Schilkopf 1997)(Schlkopf etal. 1998)
andweimplementtheconserationhypothesisisingbiasvariation. Theapproachasconnectionsvith
clusteringin kernelspaceandhelpsthe minimizerto overcomethedif culty dueto the non-comwexity
of the underlyingminimizationproblem. We alsoprovide a boundon the generalizatiorerror related

to theconserationhypothesis.

Finally, in chapter7, we presenexperimentsn facedetectionandevaluatethe detectorusingstan-
dardchallengingtestsets. We alsodiscusscomparisonsvith relatedwork andwe attemptto demon-
stratehow our facedetectoris usefulin applicationssuchasimageretrieval, biometricauthentication
andvideosunwillance.We drawv conclusionsn chaptei8 andindicatesomedirectionsfor futurework.
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Everythingshouldbe made
assimpleaspossiblebut notone
bit simpler

Albert Einstein.



Chapter 2

Processingacesand feature spaces

2.1 Intr oduction

A fastandaccuratdacerepresentatiors describedindinterpretecasdatacompessiorandvariabil-
ity compensationDatacompressiomapstheraw informationcontainedn faceimagesinto a suitable
spacereferredto asthe featue spacewhile variability compensatiorattemptsto reducethe effect of
changesn illumination andskin color. Thesetwo stepsare preliminaryto ef ciently encodefacesin
orderto build afacedetectorthathandleghefaceextractiontaskwith high precisionandin real-time.
Thesearenontrivial constraintssincein generalthe total run-timefor facedetectionis largely domi-
natedby encodingsteps.

The Haar featurespresentedn this chapterare simple and coarsecomparedwith other features
(asthe Daubechiegeatures).Initialy, we were motivatedby the useof Daubechieslters which are
lesssensitve to the presenceof edges,rectangularstructures etc.; furthermorethey provide better
compressiotiactorsthanthe Haar Iters. Neverthelesstherearetwo reasonsvhich drive usto usethe
Haarfeatures:(1) The extremerapidity in estimatingthesefeaturesand(2) the factthatfacecoding
is coarse-to- ne i.e., we useweakHaarfeaturedo train coarseSVMs while ne SVM classi ersare
trainedusingcomple« andstrongfeatures Thiswill notaffecttherun-timeperformancef ourdetector
since ne classi ersareappliedonly in faceandface-like subimagesvhich areextremelyrare.

2.2 Facecodingand feature selection

Considerareferenceblock, i.e., a subimageof pixels,which maybeafaceor background.
We proceedby mappingsucha block into an appropriateeaturespacewhich representshe low fre-
gueng coefcients of the Haarwavelet transform. Thesecoefcients areselectedn sucha way to
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compressheinformationcontainedn the referenceblock andin the caseof facesto presere
the globalshapewhenthe processs reversed,.e., whendecompressinthesecoefcients, theglobal
shapeof facess preseredwhereadacialdetailsareremoved(seesection2.2.2).

Thisfacerepresentatiors notinvariantto rigid transformationgrotation,scaleandlocation)which
aremodeledexplicitly usinga hierarchyof faceposeqcf. chapterd). Thereforethisfacialrepresenta-
tion attemptgo captureinvarianceto local andnon-lineartransformationsuchasexpressionjdentity,
etc.

2.2.1 Waveletanalysisand discretewavelettransform

In recentyears,researchersn applied mathematicsand signal processinghave developedtech-
niques for multi-scale representatiorand analysisof signals (Barlaud et al. 1994), (Daubechies
1988),(Daubechie4990),(Coheret al. 1992), (Grossman& Morlet 1984), (Meyer 1992), (Mallat
1989). Thesemethoddiffer from traditionalFouriertechniquesvhich cannotsimultaneoushachieve
goodlocalizationbothin spaceandfrequeng for a signal. Waveletslocalize the informationin the
space/frequerycdomain;in particular they are capableof tradingonetype of resolutionfor anothey
which makesthemespeciallysuitablefor the analysisof non-stationargignals.

Let be a continuoussignalde nedin . The continuouswvavelettransform(CWT) of
isde ned as:

(2.1)

Here is referredto asthe basisfunction(seefor exampleFig 2.1) and arerespectiely the

scaleandthetranslationparameters.

By analogywith thecontinuouscasethe  discretewavelettransform(DWT) decomposeanim-
ageinto differentfrequeny bandg(cf. Fig 2.3) anddifferentresolutionsusinga successie application
of low-passandhigh-passlters (i.e., basisfunctions)resultingin smoothapproximationsaswell as
detailedinformation. For facedetection the main interestingfactis that the global shapeof facesis
embeddedh the coefcients of the smoothapproximation.

The 2D signal de ned over an window is Itered with , the Haar basis
functions.For agivenscale andlocation in adiscretedomain,theselters are:

In practiceM=6.
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Figure2.1: Some Haar basis lter s,
, we simply denotethese Iters by and

(2.2)

. Thus, for

, we de ne thecoefcients of onelevel of thediscretawavelettransformon as:
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(2.3)

Thisstepdown-samplesheoriginalimage with afactor by averagingneighboringolocksresult-

ing into which is referredto assmoothapproximationof —attheresolution . The coefcients

in (resp. , ) are horizontal(resp. vertical and diagonal)block differenceswhich

arereferredto asthe detailinformationsof attheresolution . Eachstep increaseshefrequeng

resolutionof by anddecreasegs spatialresolutionby . For imagesof size pixels,

this processreferredto assub-bandcoding is repeatedor space/frequernycresolu-

tions. In theremaindeof this chapterwe denoteonestepof thisdecompositiorsimply by where
(seeFig 2.2).

2.2.2 Feature selectionand facerepresentation

For animage of size pixels, the smoothapproximation andthe detailinformations

: :  ( ) canbe usedasa featurevectorfor our SVM classi ers(cf. chapter

3). Neverthelessthe smoothapproximations , areredundantaindcanbeinferredfrom the
coefcients , , asaresultof thefollowing synthesigprocess:

(2.4)

Here denotes the rest of the division of on . It follows that only

arenecessaryo reconstruct . At this stage,we
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Figure2.2: Five levelsof theHaar waveletdecompositioron blodks of pixels.
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Figure2.3: Theseimagesshowall the informationcarried in the waveletcoefcients. Thesignals

, ( ) correspondo smoothapproximationsof the original faceat differentresolutions
while the reconstructiornof (resp. and ) showsthe horizontal (resp. vertical and
diagonal)facestructuees.

49



2.2. Face coding and feature selection

8 16

16

Figure2.4: Left: Thesmoothapproximation andthethreedetailsignals , , which express
respectivelythe horizontal, vertical and diagonal facial structures. Right: Thereconstructiorof the
underlying smoothapproximation  usingthesynthesigprocessn (2.4). We canseethatthe
global shapeof thereconstructedaceis well preserved.

de ne amappingfunction  ( )on as:

(2.5)

This mapping , referredto asthe compessionfunction reduceshe dimensionof the image .
Whenall the wavelet coefcients areretained(i.e., ), canbedecompressedithout ary loss;
otherwisethelossincreasess decreaseslhis decompressioprocessanbeexpresseds:

(2.6)

where isfoundusing(2.4).

Thefacecodingproblemis thenthe selectionof theappropriate&compressiofiunction  andthisis
constrainedbothby thedimensiorof theunderlyingfeaturespaceandthepower of descriptionj.e.,the
capacityof thelow frequeng coefcients to capturetheglobalshapeof facesvhen is decompressed.
When no gain in storageandrun-time performancedor classi cation (whenusing SVMs) is
achiezed. Ontheotherhandif thedecompresseithageis degradeddramatically It appeargsee
Figs2.3,2.4) thatonly low frequeng coefcients resultingfrom the Haarwavelettransform
encodethe faceshapereasonablywell andthis correspondgo and a compressiorfactor of

i.e.,whenusingonly these coefcients to reconstruct , onecanrecognize asafacewhile theidentity, the
gendeyor the expressiorof this facearenot necessarilyecognizable.
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2.3 Fastfeature computation and histogram equalization

2.3.1 Speedupprocess:itheintegral image

Considerthe averagevalueof the gray level informationcontainedn a rectangleof pixels
where is the upperleft-handcornerof thisrectangle This sumis expresseds:

2.7)

The work in (Viola & Jones2001a) de nes theintegral image  of at a given location

asthe sumof all the gray level information containedabove andto the left of asfollows (cf.
Figs2.5,2.6):
(2.8)
(0,0 (0,0)
7777777777 A | B
—‘. ,,,,,,,,,,,,,,,,,
i 14i.J)
e c D
Figure2.5: Left: Thevalueof theintegral image at a particular location . Right: Thesumof the

pixelinformationinsidetherectangle of isgivenby

Usingtheintegralimage,therectangulasum canbeestimatedat a givenlocation using
only four arrayreferencessdescribedelow:

(2.9)
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Figure2.6: An exampleof theintegral image.

Usingthe statemenabove, we caneasilyshown thatequationg2.3) canbewritten as:

It followsfromtheaboreequationghatonly , , and arrayreferencearesufcient, respectrely, to
calculateeachvalue , : : insteadof whenusingequations
(2.3). Onasubimagecontaining pixels,thecompleity of calculating usingtheintegral
imageis insteadof
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2.3.2 Fasthistogram equalization

Histogramequalizationis a standarctontrastenhancementchniquewith the objectve to make the
empiricalprobability distribution of the graylevel informationin a givenimageuniform (seeFig 2.7).
Let beaquantizatiorof thegraylevelsin asubimage and be
its underlyingempiricalprobability distribution. In general  is notuniform, sohistogramequaliza-
tion nds anew quantization ( ) suchthatits underlyingempiricalprobability
distribution approximatesa uniform distribution.
Histogramequalizatioroperations thena mappingfunction:

(2.10)

In this caseary two pixelswith the sameoriginal gray level will have the samegray level in the new
image

Let (resp. ) be the discretecumulatie distribution function

(CDF) associatedvith (resp. ). Using , the histogramequalizatiorprocesss performed
accordingto the following steps:
Fix

Findapartitionof  containing subsets, : yeey
( ) suchthateach  ( ) is theminimal valuein
which satis es

Givenapixel , choose suchthat , andset
where is anormalizationfactor( ).
Speedup

The histogramequalizationalgorithm asreviewed earlierenhancesonsiderablythe contrast(see
Fig 2.7). Whenanimage is dark, histogramequalizatiorwill replacesomeof darkpixelswith bright
ones, andthis helpsto improve the contrast(for instance betweenthe eyes andthe skin part of a
face). Neverthelesshistogramequalizationis laborioussinceits underlyingcompleity for animage
containing pixelsis . In whatfollows, we presenta simple methodwhich reduces
the costdueto histogramequalization.This methodis basedon the obsenrationthat: performinghis-
togramequalizationon andon a smoothapproximation of (ataparticular resolution )

Sincethenew graylevel distributionin is expectedo approximateauniformdistribution, it is necessaryo replace
someof thedarkpixelswith brightonesandvice-versa.

53



2.3. Fast feature computation and histogram equalization

Figure 2.7: Histogram equalizationand probability distribution of the gray level information. The
histagramsare drawnonly for Lena. Thegoal of histogramequalizations to usethe spectrunof gray
levelsin auniformway. For instancethetop-leftpictureis verydarkandrequirestheuseof bright gray
levelsin order to enhancehe contrastbetweerthe wall and the windowsof the monumentThesame
reasonings possiblefor Lenaaswe needto enhancehe contrastbetweerthe eyes,the noseandthe
skin. Noticealsothat the skin part of Lena's faceis degradedsincehistagramequalizationis applied
onthewholeimage, but for facedetectionthis procesds appliedonly on pixel subimayes.
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will provide the sameresults i.e., the CDFsrelatedto the gray level distribution of and are
similar (cf. Fig 2.8). Thiswill ensurethathistogramequalizatiorproceswill mapa givengray level
(belongingto or ) into thesamepoint.

Recall , the Haar wavelet decompositionfunction de ned at the resolution
. Let beafunctiondenotingthe histogramequalizatioroperatomwhich

takesanimage andtransformst into suchthat . For someresolution
(in practice ), we canexpresshe above obsenationas(cf. Fig 2.9):
(2.11)
histogramequalization smoothapproximation

12

T T T T T T
The CDF function using the original image . The CDF function using the original image I.

The CDF function using a smooth approximation of I - The CDF function using a smooth approximation of I -~

0.8 -

0.6

0 i 1 1 1 1 1 0 al 1 1 1 1 1
0 50 100 150 200 250 0 50 100 150 200 250

T T T T T T
The CDF function using the original image . The CDF function using the original image I.
The CDF function using a smooth approximation of I -~ The CDF function using a smooth approximation of I -~

0 50 100 150 200 250 0 50 100 150 200 250

Figure2.8: Strong similarity of the CDFsrelatedto and . Thesediagramsare drawnfor faces
in the r standthefourth columnsof Fig (2.10).

We caneasilyshav thatequationg2.3) canbe written as:
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Figure2.9:

Figure2.10: Left: Theoriginal images. Middle: histagram equalizationfollowed by Haar wavelet

decompositionRight: Haar waveletdecompositiorfollowed by histogram equalization.\W\e can see

fromthethird andthe fth columnghatimagesare quitesimilar andthetwo processe§i.e., estimating
andtheopermtor ) arealmostcommutative
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(2.12)
Equationg2.12)and(2.3)imply:
(2.13)
Thus:
(2.14)
Whencombiningthe hypothesig2.11)andequation(2.14),we obtain:
(2.15)
Accordingto theabove equatiorandusingtheintegralimage ,we build rst asmoothapproximation
( ). Then,we enhancehecontrasusinghistogramequalizatioroperator whichis now
achieredona subimage ratherthan .

2.3.3 Complexity discussion

We now considerthe gainin computatiorachiezed whenhistogramequalizatiorand Haarwavelet
analysisare performedaccordingto (2.15). Again, eachstepof the Haar wavelet decomposition
canbewritten as:
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(2.16)

As shawvn in this equationgachstepof the Haarwaveletdecompositiortanbe performedef ciently

usingthe subimage . This efciency is mainly dueto the useof the integral imageto pro-
duce which costs arrayreferencesnsteadof referencesvhen
using(2.3). Then, histogramequalizationis doneon the subimage of smallerdimensionand
this makesthecompleity insteadof whenusing . Following theestimatiorof
and , furtherstepsof theHaarwaveletdecompositiormreperformedonthesubimage
containing pixels. Eachstepis achiezed usingthe function which costs

astheintegralimageis used.
In practicetheparameters and  arerespectiely equalto and andthecodingprocesgro-
ducesapproximation®f , with acompleity insteadof

In orderto illustrate the gainin processingime when usingthe fastHaarfeatureestimationand
fasthistogramequalizationwe run a simpletwo classSVM classi er with two supportvectorson a
subsetof imagestakenfrom the CMU+MIT databasécf. chapter7). Eachimageis processedby
visiting non-overlapping blocksat four differentscales processinghe surrounding
pixels (histogramequalization+ Haarfeaturecomputationlandclassifyingthe Haarfeaturesusingthe
SVM classi er. Table2.1 shaws the run-timeperformancef thesestepsexecutedseparatelywithout
usingthefastversionsof histogramequalizatiorandHaarfeaturecomputationTable2.2illustratesthe
gainin processingime whenusingtheintegralimageto producethe Haarfeaturesandfasthistogram
equalization. Clearly, the run-time for pre-processings now the sameorder as running the SVM
classi er. All theseexperimentsareperformedusinga 1 GhzPentiumlll computer

2.4 Summary

The facecoding problemdescribedhroughthis chapteraimsto reducethe dimensionalityof face
imagesandto capturethe relevantinformationfor the taskat hand. This informationis carriedin the

This classi er separatea populationof facesfrom the background.
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Table 2.1: Run-timeperformancesvhen classifyingseveral sub-windowsof a givenimage. These
run-timesare shownsepaately for different steps,i.e., for histogram equalization the Haar featue
computatiorwithoutusingtheintegral image andfor classi cation.

Image Numberof Histogram Haarfeature || SVM

size sub-windevs || equalization| estimation classi cation
445 0.64(s) 0.49(s) 0.05(s)
812 1.19(s) 0.85(s) 0.06(s)
1762 2.56(s) 1.83(s) 0.10(s)
572 0.83(s) 0.65(s) 0.09(s)
669 0.98(s) 0.68(s) 0.05(s)
2041 2.95(s) 2.12(s) 0.09(s)
893 1.29(s) 0.92(s) 0.07(s)
198 0.30(s) 0.26(s) 0.02(s)
145 0.23(s) 0.20(s) 0.02(s)

Table 2.2: Run-timeperformancesvhen classifyingseveral sub-windowsof a givenimage. These
run-timesare shownsepaately for different steps,i.e., for fast histagram equalization,Haar featue
computatiorusingtheintegral image andfor classi cation.

Image Numberof Fasthistogram | FastHaarfeature || SVM

size sub-windavs || equalization estimation classi cation
445 0.04(s) 0.04(s) 0.05(s)
812 0.07(s) 0.07(s) 0.06(s)
1762 0.13(s) 0.14(s) 0.10(s)
572 0.04(s) 0.11(s) 0.09(s)
669 0.07(s) 0.07(s) 0.05(s)
2041 0.13(s) 0.14(s) 0.09(s)
893 0.09(s) 0.08(s) 0.07(s)
198 0.02(s) 0.02(s) 0.02(s)
145 0.02(s) 0.02(s) 0.02(s)
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2.4. Summary

low frequencief the 2D facial signal. In this thesis,we usedthe fastversionof Haarfeatureanal-
ysiswhich reduceghe overheadandto make the costof pre-processingt leastof the sameorderas
classi cation. Histogramequalizationis performedin orderto gaininvarianceto skin colorandsome
lighting effects. This preprocessingchemegreatlyimprovesthe performanceof our detectorsince

we needlessthan on averageto computethe Haarwaveletcoefcients andperformhistogram
equalizatioronimagesof pixels.
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Thatis whatlearningis.

You suddenlyundestandsomething
you'veundestoodall your life,
butin a new way.

Doris Lessing



Chapter 3

Support vector machines

3.1 Intr oduction

Dif culties due to the bias-\ariancetradeof (Gemanet al. 1992), capacity control (Guyon et
al. 1992)andover tting (Montgomery& Peck1992)led to theintroductionof a new learningtech-
niquereferredto asSupportVectorMachinegBoseretal. 1992).SVM trainingbalancesheempirical
accurag onaparticulartraining setandthe capacityof thetrainedmachineto achiese alow errorrate
for unseerdata,i.e., its generlizationcapacity

We aregivena labeledtraining setwith two classeswhich may be eitherlinearly separabler not,
i.e., thereexists (or not) onehyperplanevhich canseparatehe setof positve examplesrom the setof
negative examples.The purposeof SVM trainingis to nd anoptimalfunctionin the senseof achies-
ing thesmallesgeneralizatiorerror(cf. next section).SVMs have becomea standardool for machine
learningandthe subjectof intenseactiity in boththeoryandapplication.

This chapteris a review of generalizatiotheory SVM classi ersandis partially in uenced by the
excellenttutorial in (Burges1998). The mathematicamaterialneededo understandindimplement
SVMs includes: kernelsand Hilbert spacespptimizationtheory -dimensionand generalization
errors. For an excellentsurwey of SVMs, see(Cristianini & Shave-Taylor 2000); see(Vapnik 1998)
for the theory; and seeMINOS (StanfordOptimization Laboratory),LOQO (PrincetonUniversity)
(Vanderbeil999), Matlab (optimization tool-box), (Cauwenbeaghs & Poggio 2000), (Platt 1999),
SVM (Joachimdl998&), SVM  (Osuneetal. 1997h), andSVM (Collobert& Bengio2001),
for SVM softwareengineeringaspectsSVMs have beenusedsuccessfullyto detectandanalyzecom-
plex patternsin data,in bio-informatics(Yu et al. 2002), machinevision (Osunaet al. 1997), text
cataeyorization(Joachimsl99&), hand-writtercharacterecognition(Cortes& Vapnik1995),phonetic
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3.2. Generalization theory

classi cation(Clarkson& Moreno1999),andotherareas.

In whatfollows, we adoptthe following notation: a pattern is a datapoint belongingto aninput

space andhasa classlabel given by . Let be a
training setwhere and . We assumehat both training andtest
dataaregeneratedndependentlyrom a probability distribution on

3.2 Generalizationtheory

Training classi ersis anill-posed problemsincemary decisionsurfacesexist, so we needa con-
venientway to chooseone of them. Many principlescould be appliedsuchas Bayesianinference,
minimum descriptionlengthandFisherdiscriminantanalysis(Bishop 1995). Oneof the recenttrain-
ing techniquesi.e., SVM, involves nding adecisionfunctionwhichis intendedto minimizeacertain
boundonthegeneralizatiorerror. In theremainderof this thesisthis functionwill bereferredto asthe
optimaldecisionfunction

3.21 -dimension

Let be a family of decisionfunctionswhere is a vectorof parametersWe saythata
set of pointsin is shatteedby , if, for eachof the  possiblelabelingsof the points,a
function from canbefoundsuchthateachpointis assignedo its classlabelusingthe signof
The -dimensionof is de ned asthe maximumnumberof pointsthatcanbe shatteredy . For
example,in  ary threepoints canbeshatteredy a setof lineswhatesertheirlabeling,
providedthatthesevectors arelinearly independenfcf. Fig 3.1). But no four pointscan
beshatteredHencethe  -dimensionof thesetof linesin  isthree.

In generalasetof  pointscanbe shatteredy orientedhyperplanesn if givenonepointas

the origin, the positionsof the remaining pointsare linearly independent.t follows thatthe

-dimensionof a setof hyperplanesn is , Sincewe canalwaysselectoneparticularpoint
astheorigin, suchthatatmost positionsof theremaining pointsarelinearlyindependent.

3.2.2 Structural risk minimization

De nition 1 Let beatrainingsetof examplesusedtotrainamadine whewre isaparticular
vectorof parametes. We call theempiricalrisk (or theloss)theerror madeby on . Thismeasue
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3.2. Generalization theory

is givenby:
if
whee i (3.1)
Theexpectedisk (or the generlization error) madeby a trainedmadine is de ned
by . Here are randomvariablesstandingfor the datain
andtheir classlabelsin andhaveprobability distribution

Theorem 1 (Vapnik Chervonenkis)

Considera setof decisionfunctions with a VC-dimension . Fix , , andde ne:
— — - (3.2)
Then
(3.3)

wherethe probabilityis with respecto the choiceof

Accordingto the boundin (3.2),the  -dimensioncontrolsthe generalizatiorperformanceof the
trainedmachine. Increasingthe sizeof  will decreasehe empiricalrisk, but the underlying -
dimensionandhence , becomedarger, andthe trainedmachinemightrequirea largertraining setin
orderto reducethe overallbound.Thestructurakisk minimizationprinciple seekdo selecthe optimal
decisionboundarywhich balancegmpiricalrisk and .

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

(3.4)

A B C D

Figure3.1: (A,B,C)Somecon gurationsof pointsin ~ which are shatteedby lines. (D) No possible
hyperplanecansepaatethesethreedatapointssincethey are linearly dependent.
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3.3. Support vector training

Here describesstrengthof thedatapoint . Mostof thestrengthsarenull, andtrainingexamples
with non-null strengthsarereferredto asthe supportvectorsof the decisionfunction . In theabove
function, is interpretedasthe similarity of adatapoint with respecto thetrainingelement
. Thismeasures usuallyexpressedisingsymmetricfunctions(referredto askernels).Amongpos-
siblekernels: de neslineardecisionfunctions, de nes
polynomialdecisionfunctionsand de nesradialbasisfunctions.

Now, we canrewrite (3.4) as:
(3.5)

Consequentlya dataelement is classi ed positively if andonly if plustheweightedmeasureof
with respecto the positive supportvectorsis greaterthanthe weightedmeasureof  with respecto
the negative supportvectors.

3.3 Support vector training

Thebasictrainingfor SVMs (Guyonetal. 1992)involves nding afunctionwhichoptimizesabound
on the generalizatiorcapability i.e., performanceon unseerdata. In whatfollows, we review SVM
trainingfor bothseparabl@andnon-separableasesysinglinearandnon-linearseparators.

We aregiven  obsenations with associatedabels . Therepresentation
of aface,for example,is the arrayof low frequeng coefcients of the wavelettransform
fora subimag€cf. chapter2). Thelabel isequalto if the subimagecontainsa
face,andequalto  otherwise.Our objectie is to train a mapping andto nd the

vector of parameterthatbalanceempiricalrisk andgeneralizatiorerror.

Throughoutthis section,all vectorsare denotedin lower-caselettersand matricesin uppercase

letters. The transposef a givenvector(or a matrix) is denotedby and . The

setof vectors , form an matrix denotedby , where denoteghe

columnof andcorrespond¢o , and denoteghe th componentbf . isan

diagonalmatrix, where suchthat and denotesthe

classmembershif atrainingexample . Finally, we denoteby a hyperplanavhere
is its normaland is its canonicaldistanceo the origin.
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3.3. Support vector training

Figure3.2: Maximalmamin classi er.

3.3.1 Linear SVMs
The separablecase

A setof trainingdata is linearly separabléf thereexistsahyperplane for which
thepositiveexampledie ononesideandthenegative examplesontheother Let usde ne themargin as
twice the distanceof the closestrainingexampleto the hyperplane (cf. Fig 3.2). Thestructural
risk minimization principle (Vapnik 1995) statesthat a hyperplanewhich classi es the training set
accuratelyith thelargestmargin will minimizeaboundonthegeneralizatiorrrorandwill generalize
best,regardlesof the dimensionalityof theinput space.

Providedthatall of the trainingexamplesarelinearly separablethe goalis thento nd the optimal
separatindgwyperplane in thesenseof maximizingthe magin (cf. Fig 3.2). Let bethe
distanceof theclosestrainingexample  to aseparatindiyperplane

(3.6)

If we constrain , then — andthemamgin associatetb is equalto
— (cf. Fig 3.2). Hence theoptimalseparatindnyperplane isfoundby minimizingthe  norm
of , underthe constrainthatthetrainingsetis well separatedy , 1.e., we solve thefollowing
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3.3. Support vector training

Figure3.3: Linear SVMclassi er, thesepaablecase

constrainedaninimizationproblem:

(3.7)
s.t.
We canwrite the above constraintsisingmatricesas:
(3.8)
s.t.

UsingLagrangiarmultipliers,the primal form of the objective functionis:

- (3.9)
s.t.

is alsoreferredto asthe “primal Lagrangian”and arethe Lagrangemultipli-
ers. Theobjectve function is convex in sinceit is thesumof aconvex term and
alinearterm. Thefunction is minimizedwith respecto , andmaximizedwith respecto

Any local minimum (or maximum)of an objective functionis referredto asa “stationarypoint”.
A stationarypoint of the Lagrangian is found whenits underlyinggradientvanisheswith
respecto and asdescribedelow:
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3.3. Support vector training

(3.10)

If we substitute(3.10)into (3.9), thenthe Lagrangian can be speci ed using only the
parameter . The new form of the constrainedptimizationproblem,referredto asthe“dual form”, is
thenexpressedas:

s.t. (3.12)

Thisis a constrainedjuadratiqgorogrammingQp) problemwhere is givenby and

is referredto asthelinearkernelmatrix. Again, whensolvingthis problem.trainingdatafor which the
coefcients  aredifferentfrom arecalledsupportvectorsandarethe closestdataelementdo the
optimal separatindhyperplandcf. Fig 3.2). Throughouthis thesiswe assumehatthetraining set

is rearrangedn suchaway thatthe rst elements arethe supportvectors.In orderto
estimatehevalueof , we canuseary two supportvectors with differentclasslabels:

— (3.12)

Sincethe problem(3.11) is corvex in , the necessaryand sufcient conditionsfor a stationary
pointto beaglobalsolutionaregivenby the KarushKuhnTucker ( ) conditions(Moré & Wright
1993)(Fletched 980)asfollows:

. (3.13)

— (3.14)
(3.15)
(3.16)
(3.17)

Conditions(3.13)and(3.14)arereferredto asthe normalLagrange identity conditionswhile (3.17)is
referredto asthe complementargladknessondition.

Let , bethecoordinatesf adatapoint andthenormalvector respectiely.
Uponsolving(3.11),the underlyinglineardecisionfunctionis:

(3.18)
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3.3. Support vector training

The non-separablecase

In the casewhenthe training setis not linearly separable;slack variables” are
de ned astheamountby whicheach  violatesthe constraint . Onlywhen is
greaterthanone, is misclassi ed.Usingthe slackvariablesthe constraintsn (3.8) arerelaxed, if

necessarandthe new constrainedninimizationproblembecomes:

s.t. (3.19)
Here is a penaltytermrelatedto misclassi cationsand in practice.Using Lagrange
multipliers and associatedavith the constraintsn (3.19),the new form

of the constrainedninimizationproblemis:

s.t. (3.20)
Here -
Whenthe above minimizationproblemis solved,theslackvariables canbeexpresseds
(seeFig 3.5):
(3.21)
Where:
(3.22)

(Osuneetal. 1997a) statethatthis formulationis a practicalimplementatiorof structuralrisk mini-
mizationsincethe rst termof theobjective functionin (3.19)maximizeshe mawgin, while thesecond
term reducesmisclassi cationsand controlsthe empirical risk. Following the samestepsasin the
separablease andfrom (Osunaetal. 1997a), thedualform of the previous problemis givenby:

sit. (3.23)
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3.3. Support vector training

Figure3.4: An exampleof a linear SVMdecisionboundary Theimage ontheright is de nedfor each

pixel

by

Figure3.5: Sladk variablesare introducedn order to handlethe non-sepaablecase
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3.3. Support vector training

Asin theseparableaseasolutionto theabove problemis globalif andonly if thefollowing
conditionsaresatis ed:

— (3.24)

_ (3.25)

— (3.26)

(3.27)

(3.28)

(3.29)

(3.30)

(3.31)

(3.32)

If , equation(3.26)impliesthat andthis meanghatthetrainingexample  is not
a supportvectorandit is not misclassi edsinceit resultsfrom (3.32) thatits underlyingslack
variable is necessarilyequalto .

If , equation(3.26) implies that . From(3.32) is not misclassi edand
correspond$o a supportvector

If , equation(3.26)impliesthat . From(3.32) ,SO  maybeamisclassi ed
dataelementandis nota supportvector

Again, given and , the linear decisionfunction, when solving
(3.23),is:

(3.33)
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3.3. Support vector training

Remark 1 Theform of the normal to the optimal sepaating hyperplaneis givenin (3.10) by

whee isreferredto astheembeddingtrengthof  andinterpretedin (Rosenblatt
1958) as a measue proportional to the numberof timesa misclassi edtraining example has
causedthe updateof its weighting coefcient. This quantity measues the dif culty causedby
during training and providesa connectionto the boostingtheory (Sthapire et al. 1997), (Collins et
al. 2002), i.e., when is high, is a weaktraining exampleandrequiresgreaterattentionin order
to reducetheempiricalrisk.

3.3.2 Nonlinear SVMs

In SVM training,the globalframework for the non-linearcaseconsistan mappingthetrainingdata
into a high dimensionakpacewherelinear separabilitywill be possible.In therepresentatio3.11),
training dataappearonly in the form of dot productsexpressedy . Let beamappingfrom
theinputspace into ahighdimensionaEuclideanspace referredto asthemappingspace Let
usde ne a symmetricfunctionthatreturnsthe value of the dot productin the mappingspace by

. Therefore,we needonly to replace in (3.11)by  where
. Undercertainconditions(Mercer's conditions(Cristianini& Shave-Taylor2000))
thesymmetricfunction is referredto asakernel.

Thenew form of theconstrainedp problem(3.23)is:

s.t. (3.34)

Thenormalof the optimal separatindiyperplanéan IS givenasan expansionof supportvectors

andLagrangemultipliers by where denoteghe
matrix relatedto thetrainingdatain . Thus,themembershipf atestelement is givenby thesign
of
Let , betwo supportvectorswith differentclasslabels.As in the separableasethe
bias is expresseds — andthedecisionfunction (seeFig 3.6) is then:
(3.35)
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3.3. Support vector training

3.3.3 Theleave-one-outbound on SVMs

Oneinterestingfactin SVMs is thatonly the supportvectorsarecritical for trainingandclassi ca-
tion. Givena training setusedto build an SVM classi er, it is clearfrom the minimizationproblem
(3.34) that one canomit the non-supportectorsfrom the training set, re-traina new classi er using
only thesupportvectorsand nds thatthedecisionfunctionremainsunchangedUnderthis statement,
aninterestingooundis derivedin (Vapnik1998)whichis discussedh this section.

Let beatrainingsetof elementgeneratedi.d accordingo
aprobabilitydistributionand aclassi ertrainedon where is avectorof parameters
which minimizesthe empiricalrisk:

_ (3.36)
Here:
- (3.37)
Let denoteghe setobtainedby excludinganelement from . Now, we
train a classi er on the set , andwe repeatthis procesdor the
possiblesets , . Thenumberof errorswhenclassifyingeachexcludedexample
, usingits underlyingfunction , de nestheleave-one-ouprocedure:
(3.38)
At this stagewe canwrite thegeneralizatiorerror of aclassi er (trainedon ) over
testdata(dravn from the sameprobability distribution) as:
(3.39)

Theexpectatiorof thegeneralizatiorerrorover bothtestdataandtrainingsets(of size ), dravn from
the sameprobability distribution, canbe written as:

(3.40)
(Luntz & Brailovsky 1969)shawved thatthe expectationof the generalizatiorerror is

equalto:
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3.3. Support vector training

(3.41)

Again, asthe optimal decisionboundarydependsnly on the supportvectors,remaoving the non-
supportvectorsfrom a training setwill leave the decisionboundaryunchangeableso the leave-one-
out procedurewill classify the non-supportvectorscorrectly Thus, given a training set

, the numberof errorsin the leave-one-oufprocedurecannotexceed
thenumberof supportvectors(denoted ). Thus:

(3.42)

Here,the expectationis over differenttraining setsdravn from the sameprobability distribution. In
chapter4, this boundwill be usedfor the analysisof SVM classi ersin the posehierarchy(the f-
network).

3.3.4 Kernelselection

Again, kernelsareusedfor mappingdatafrom theinputspace into ahigh-dimensionaspace
wheretheseparatiorcapacityof thetrainedmachiness increasedVariouskernelsexistin theliterature
andthe main differenceamongthesekernelsresidesin the VC-dimension.the smoothingproperties
andthegeneralizatiorperformancef theresultingsetof classi ers. Amongexisting kernelswe nd:

Polynomial kernels

Thegeneraform of thiskernelon is givenby , and .
For this kernel,the dimensionof the mappingspaces andafamily of SVMs built with these
kernelshasVC-dimension (seepage38in (Burges1998)).Usingthis kernel,thedecision

boundaryin theinputspace is apolynomialcurve of degree .

Neural network kernels

The useof neuralnetwork classi ersrequiresa speci ¢ de nition of the underlyingarchitecturan
termsof the numberof layersandthe units containedn eachlayer Whenusingthe sigmoidkernel
for aparticular , anSVM canbeseerasasinglehiddenlayer

neuralnetwork classi er for whichthenumberof unitsin thehiddenlayeris automaticallyadaptedand
corresponds$o the numberof supportvectors.In this case the weightsof connectiongrom the input
to thehiddenlayerarethevaluesof supportvectorsandtheweightsfrom the hiddenlayerto theoutput
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3.4. Triangular kernel and scale invariance

correspondo thetrainingparameters  (Vapnik1995).

Gaussiankernels

Theform of the Gaussiarkernelis :
— (3.43)

This kerneldetermines dot productin anin nite-dimensionalspacewherethe linear separabilityof
two setswith differentlabelscanbe guaranteedeventhoughthe  -dimensionof afamily of SVMs
trainedusingthe Gaussiarkernelis in nite, thiskernelperformswell in practicewhen is well-tuned
(Boseret al. 1992), (Burges1998). The parameter is directly relatedto scaling. If  is too large
(overestimatedthe exponentialbehaesalmostlinearly andit canbe shavn thatthe mappinginto the
high-dimensionaspaces almostlinearanduselesgCristianiniet al. 1998)(seeFig 3.8, lower right).
Onthe otherhandwhen is too small (underestimated}the functionlacksany regularizationpower
andthedecisionboundaryis jaggedjrregularandhighly sensitveto noisydata(cf. Fig 3.8,lower left).
Givenafamily of Gaussiarkernels , theappropriat&kernel  is oftenselectedusingthe
“cross-\alidation” processi.e.,onetrainsseseral SVM classi ersusingkernelswith different . Then,
oneselectghe for the SVM classi er with thelowesterrorrateon avalidationset(seeFig 3.7).

Using the Gaussiarkernel,an SVM automaticallyimplementsan RBF (Radial Basis Function)
(Schollopf, Sung& Poggio1997)wherecentersweightsandvariancesare estimatedn sucha way
asto minimize anupperboundon the generalizatiorerror. (Schollopf, Sung,Burges,Girosi, Niyogi,
Poggio& Vapnik 1997) provides an excellentequivalenceand comparisorbetweenSVM and RBF
classi ers,andthe authorsconcludethat SVMs achieve a higheraccurag thanstandardRBF classi-
ers usingtheUS postalservicedatabaséUSPS)where handwritterdigits wereusedfor training

and for testing.
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3.4. Triangular kernel and scale invariance

Figure3.6: An exampleof a non-linearSVMdecisionboundary

over-fitting

over-smoothing  /

Generalization error

tradeoff

Variance

Figure3.7: Thegeneslizationerror asa functionof in the Gaussiarkernel.
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3.4. Triangular kernel and scale invariance

Figure3.8: Anexampleof a non-linearSVMclassi er for thedatain theupperleft usingthe Gaussian
kernel. Thewhite region corresponddo the pixelsclassi ed positivelywhile the black region corre-
sponddo the pixelsclassi ed nggatively An SVMcan (1) actasa linear classi er (bottomright) with

right) with

; (2) overt (bottomleft) with

; (3) havea goodgenearlization performancetop

77



3.4. Triangular kernel and scale invariance
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-4 2 2 4 -0.04 -0.02 0 0.02 0.04 -0.0004-0.0002 0 0.0002 0.0004
Figure3.9: Top: Exponentiakernel (continuoudine) andtriangular
kernel (dashedine) at variousscales(left to right, respectively ). Thetriangular
kernelbehavesasthe exponentialkernelfor large scales.Bottom: Gaussiarkernel (continuoudine)
andtriangular kernel (dashedine) at variousscales(left to right, respectively ).

Intuitively, whereasthe triangular kernel hasthe sameshapeat all scales,the Gaussiankernel has
differentshapesfroma Dirac-like to a uniformweightingof the neighborhood.
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3.4. Triangular kernel and scale invariance

3.4 Triangular kernel and scaleinvariance

3.4.1 Triangular kernel

Let bearandomvariableon  standingfor the datato be classi ed (in the original space)and
thereal classof the data. In this section,we focuson a lessstandardkernelreferred
to asthetriangular kernel whichis basicallyanaf ne functionof the Euclideandistancebetweerthe

pointsin theoriginal spacegivenby . The  forcesthismappingto be
positive,andensureshis expressiorto beakernel.We will make theassumptiorthatwe canchoose
suchthatall thedatalivesin aball of radius—, i.e. — (seeFig 3.9).1f  isarandom

variablewith thesamedistributionas , then:

as (3.44)

wherethekernel isde nedfrom withoutforcingits positiveness:

— (3.45)

3.4.2 Scaleinvariance

De nition 2 We saythat a kernelis scaleinvariant if theunderlyingSVMs and trainedrespec-
tivelyonthesets and (  isobtainedby scalingtheelementgrom by a factor ) satisfy
thefollowing condition:

(3.46)

Proposition1 (Fleuret & Sahbi2003) Thetriangular kernel  implementsa scaleinvariant SVM
classier.

Proof of Proposition1 Thestatemenabovemeanghatan SVMtrainedon canbeusedto infer the
SVMtrainedon  andvice-vesa. e showthat there existsa relation betweerthe Qp formulations
totrainanSVMon and

A radialbasisclassi er is givenby wherecenters  andvariances
aregenerallyestimatedusingsomeclusteringtechniquesTheweights  arefoundby eithererrorback-propagatioor
the pseudo-inersemethod(Bishop1995).
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3.4. Triangular kernel and scale invariance

Noticethat (3.46)is strictly equivalento showthat . Let (resp. ) betheform of

Qp problem(resp.the objectivefunction)de nedon

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

(seeequation3.11).In a similar way, the constainedQp problemon  is:

Fora xed |, andtheobjectivefunction

Thus,the constainedQp problemonthetrainingset  canbewrittenas:
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3.4. Triangular kernel and scale invariance

It follows that - . Thus,if is a global solution of the con-
strainedQp problem then - isaglobal solutionof the Qp problem ; further-
more, - and - . In theremainderof thissection , are
simplydenotecby and respectively

We nowshowthatthe SVMclassi erstrainedonthesets ,  satisfythe condition(3.46).Indeed,
wehave:

(3.48)

is referredto asthe bias of the scaledproblemandis givenby (seeequation3.12):

- (3.49)

Since - and , wehave:

) (3.50)

Theclassi er in equation(3.48)is nowwritten as:

Soequivalently:

Remark 2 (VCdimension)
The -dimensiorof afamily of SVMstrainedusingthetriangular kernelis in nite asa Grammatrix
built usingthis kernelis alwaysinvertible (Micchelli 1986).

Remark 3 (Invarianceto photometry)
Let beatrainingset,where eat element isarawimagewith xed dimensions

Theraw imagesareusedhereasfeaturevectorsfor SVM training.
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3.4. Triangular kernel and scale invariance

and itsclasslabelin . Wede ne asa new training setwhele
eat element is subjectto a linear photometrictransformationof the form

Asthetriangular kernelis alsotranslationinvariant and accoding to the previousproposition,if we
train an SVMusingthis kernelon , thenthe decisionfunctionremainsunchanged with respect
to thescale of thenew classi cation problem,andthetranslationparameter . Thus,thetriangular
kernelis af ne invariant.

3.4.3 Scale-irvariance and generalizationperformances

2D toy problem

Tollustratethescaleinvarianceandthegeneralizatioperformancef thetriangularkernel,we have
setup a simpleclassi cationtaskin two dimensions.The original training populationis a setof
points,uniformly distributedin the unit square.The classof eachof thosesampleds a deterministic
function of their locationin the square,.e., suchthat . (see
Fig 3.10,upperrow.)

From this sample we have producedwo others,onescaleddown by a factorof , andthe other
scaledup by the samefactor We have built threeSVMs basedon a Gaussiarkernelwith on
thosethreesamplesandthreeSVMs basedon the triangularkernel. Resultsare shavn in Fig 3.10.
As expectedthe Gaussiarkerneleithersmoothsoo much(middle row, left), is accuratgmiddle row,
center)or over ts (middlerow, right), while thetriangularkernelbehaessimilarly atall scales.

Figure(3.11)shows other2D examplesrepresenting spiral, a chess-boarandtheword “INRIA”
which is dravn by handusinga Java applet. In all thesecasesthe triangularkernelperformsgood
classi cationtasks.

Facedetection

This experimentalstudyaimsto understandhe generalizatiorperformanceof the triangularkernel
in the context of the face/no-ace classi cation problem. The main ideabehindthis approachis to
decomposéhe spaceof faceappearancesy constrainingnoreandmorethe poseqeyeslocations)in
theimageplan (Fleuret& Geman2001). We do not go hereinto detailsof the facedetectionscheme
(seechapterd), but we just focuson the generalizatiorperformancef individual classi ersdedicated
to constrainegopulationf facesubimages.

We considersix training andtestingfacedatasetsorrespondingo six levels of “poseconstraints”
(cf. chapterd) rangingfrom a looselyto highly constrainedacepopulation. Eachpopulationis gen-
eratedby doing af ne bitmap transformationof the original pictureswhich are taken from ORL

http://www-rocg.inria.fr/ sahbi/\\b/MITDEMO/resultat.tml
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3.4. Triangular kernel and scale invariance

Gaussiarkernel

Triangularkernel

Figure3.10: A simpleclassi cationtaskin . Theupperrow showsthe training setscaledby three
differentfactors. The gur esare zoomedaccouing to the samefactors for easeof visualization. The
middlerow showstheresultsof the classi cationwith a Gaussiarkernel ( ), andthelowerrow
showsresultswith thetriangular kernel.
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Figure3.11:Exampleof  non-linearSVMdecisionboundarieausingthetriangular kernel. e can
seethatthetriangular kernelcansepaatethetwo populationdgn thespiral (toprow), evenif it requires
variousscales.
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3.5. Summary

database For eachlevel, an SVM is trainedwith faceand backgroundsubimages Error
ratesareestimatedfor eachlevel, on otherfaceimagesyverifying the sameposeconstraintsand
otherbackgroundsubimages.

As expectedthe morethe facesareconstrainedn pose,the easielis the discriminationtask,since
lesstoleranceto translationand orientationis expectedfrom the SVM. Tables(3.1) and (3.2) shav
performanceof, respectrely, the Gaussiarandthetriangularkernel. While the Gaussiarkernelrelies
heavily onthechoiceof ,thetriangularkernelachiezesanerrorratesimilarto thebestGaussiarker
nel without tuning ary scaleparameterFurthercomparisongreshown in (Sahbi& Fleuret2002)in
orderto illustratethe goodgeneralizatiorperformancesf thetriangularkernelfor otherclassi cation
taskssuchashandwrittencharacterecognition(usingthe MNIST database).

Table 3.1: Error ratesusing the Gaussiankernel on the face vs. non-faceclassi cation problem.
Theseerrors are the percentage of misclassi cationson six testsetsead onecontains1000(faceand
badkground)subimages.

|| Er(=1) | Er(=2) | Er(=3) | Er(=4) | Er(=5) | Er(=6)
7.36% | 2.37% | 2.13% | 1.66% | 1.90% | 1.56%
7.36% | 2.37% | 2.13% | 1.66% | 1.90% | 1.21%
7.83% | 2.13% | 1.90% | 1.90% | 1.18% | 0.90%
7.12% | 3.08% | 1.90% | 1.90% | 0.95% | 0.93%
41.80% | 41.80% | 41.80% | 41.80% | 41.80% | 41.80%

Table3.2: Error ratesusingthe scale-irvariant triangular kernel. Theseerrors are the percentage of

misclassi cationson six testsetsead onecontains1000(faceandbadkground)subimayes.
Er(=1) | Er(=2) | Er(=3) | Er(=4) | Er(=5) | Er(=6)
6.88% | 261% | 1.9% | 1.9% | 1.42% | 0.69%

3.5 Summary

This chapters a globalreview of SVM theoryandkernelmachinedor patternclassi cationprob-
lems.Themainfeatureof SVMs arel) thetheoreticalvalidationof the maximummauigin classi erin

http://www.uk.research.att.conatedatahse.tml
Notice thatthe numberof trainingexampless far biggerin our facedetector(cf next chapters).
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3.5. Summary

termsof reducingthe generalizatiorerror and2) the implicit mappingusingkernelswhich canguar
anteethe linear separabilityof the training setin a higherdimensionalmappingspace. Whenusing
the Gaussiarkernel, the scaleparameteis determinedusing someheuristicsand/orseveral training
and cross-alidation steps. In this chaptey we demonstratedhat the triangularkernelimplementsa
scale-ivariantSVM andmultiple experimentshaw thatits generalizatiorperformances similarto an
SVM trainedusingthe bestGaussiarkernelwhich is found after severaltrainingandvalidationsteps.

Thewealestpointsof SVMsarethedif culty of trainingandtheslow run-timeperformancemainly
for large-sizetraining problemssuchasfacedetection.Severaltechniquesn theliteraturemake it pos-
sibleto reducethe compleity of an SVM decisionboundary Neverthelesssuchapproximationswill
not necessarilymaintainthe samelow error rate asthe initial decisionboundary In the following
chapterswe addresghe computationalssuesandwe designa hierarchicalSVM platformwhich ac-
commodates tradeof betweerspeedandgeneralizatiorerror.
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If knowled@ cancreateproblems,
it is notthroughignorance
thatwe cansolvethem.

Isaac Asimov.



Chapter 4

The f-network

4.1 Intr oduction

In this chaptey we addresghe problemof building a global hierarchicalclassi er andan ef cient
searchstratgy for facelocalization. Achieving invarianceis anothermotivationfor the hierarchyas
a platform both for learningand classi cation. Learninga view-basedclassi er from a training set
which representsll or mostof the variability is a very dif cult taskbothin theoryandpractice since
differentnumericalandtechnicalproblemsappearRowley etal. 1998)(Osunat al. 1997)(Osuna&
Girosi 1998)(Buges& Schlkopf 1997). Classi erstrainedon a large amountof dataare often slow
in executionand can be sensitve to over- tting. The hierarchicaldecompositioris a generalization
of view-basedearning(Pentlandet al. 1994)(Ravley etal. 1998)(Mola & Jones2001a), andcanalso
be interpretedin the frameavork of sourcecodingandinformationtheory This approachprovidesa
low-to-high frequeng scoringof the pose,a nestedfamily of classi ers which are more and more
discriminatingandeasyto learn.

4.2 Posevariation

The pose refersto the position, tilt andscaleof a face. Theseparametersle ne the
posespace Thefacelocation istakenasthe positionof themidpointbetweertheeyes,thescale as
thedistancebetweerthe eyesandthetilt is relative to the axis perpendiculato the segmentjoining
theeyes(cf. Fig4.1).

A referencesetof poses is recursvely subdvidedresultingin anestedamily of partitionsof

s.t (4.1)
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4.2. Pose variation

Figure4.1: Faceposemodeling

@

Figure4.2: A nestedamily of posesets.
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4.2. Pose variation

Level 1 Level 2 Level 3 Level 4

Level 5

Level 6

Figure4.3: Distribution of egye and mouthcoordinatesin theimage spacein differentlevelsof the pose
hierarchy.
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4.3. The f-network

In the caseof abinaryhierarchy asa platformwe have:

In generalthe posehierarchyis a setof nestedpartitionsof thereferencegposeset  (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 threequaternarysplitsin
locationandone binary split on both tilt andscale,resultingin leaf nodesin the nest partition

(cf. Table4.1,Fig4.3). A facetrainingset(denoted ) is synthesizedor eachpose
set in the hierarchy(cf. Fig 4.4) andencodedisingthe Haarwavelettransform.In theremainder
of thisthesis,we denoteby thefeaturevectorof the Haarwaveletcoefcients computedon a given

subimageandthisvector is referredto asapattern

Figure4.4: Someface examplesrom, respectivelythe least(left images)andthe most(right images)
constainedposesetin the hierarchy.

4.3 The f-network

4.3.1 Probability distribution

Let beauniformempiricalprobabilitydistribution onthesetof all possiblepatterngdenoted ).

Thesepatternsare computedon all the subimagestaken, for example,from the Weh Here
,Where denoteghesetof all facepatternswith poseparameter;n  and contains
all the backgroundpatterns.Givena pattern , we denoteby its class

A binaryhierarchymakesthe analysisof the complexity-precisiontradeof moretractableaswill be shavnin chapter
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Figure4.5: Given imagestakenfromthe CMU databasethis diagramshows for ead image, the
fractionof all subimayeswhich are faces.

membershipequalto if thepatternis backgroundanddifferentfrom if it is afacepatternwith
correspondingo anapproximatiorn(or alabel) of the posetakenfrom possible’ ne” posecells.
We de ne : , asthe conditionalprobability distributions
on, respectiely, the backgroundandfacepatterns. Throughoutthis thesis,we assumehat
, which meanghatthe presencef afacepatternis consideredo bearareeventin a
subimagesampledunder (seeFig 4.5).

Table4.1: Nodesn the hierarchy andtheir relatedposeconstiaints. Thele are threesplitsin location,
onein rotationandonein scale

Levels(l) Location Rotation Scale Nbrof | Nbrof SVsin
(pixels) (degrees) | (pixels) | nodes | thef-network
aftertraining
1 (Coarsestell) 16 16 [-20,+20] [10,20] | 1 1401
2 (Locationsplit) 8 8 [-20,+20] [10,20] | 4 696
3 (Locationsplit) 4 4 [-20,+20] [10,20] | 16 547
4 (Locationsplit) 2 2 [-20,+20] [10,20] | 64 512
5 (Tilt split) 2 2 [-20,0] [10,20] | 128 380
2 2 [0,+20] [10,20] 394
6 (Scale,nest split) | 2 2 [-20,0] [10,14] | 256 300
2 2 [-20,0] [15,20] 320
2 2 [0,+20] [10,14] 290
2 2 [0,+20] [15,20] 304
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4.3. The f-network

4.3.2 Local detectors

Givenaposeset in the hierarchywe identify anSVM classi er  trainedto separate popu-
lation of facepatternswith poseparametern from backgroundpatterns A test  dedicatedo

is de ned by if and otherwise.
Let bearandomvariableon  standingfor thedistribution of thedata.Let on bethe
realclassof thedata,i.e., if agivenpattern isafacewith aposein and
otherwise. Whentraining an SVM on a set generated.i.d
accordingto , theamountof computatiorto evaluate  is alinearfunctionof theunderlying
numberof supportvectors . It follows from (Burges1998)(Vapnik 1995) (Vapnik 1998)thatthe
expectednumberof supportvectors is boundedbelow by , Where

is the expectationof the generalizatiorerror of (over differenttraining
andtestsetsdravn from the sameprobability distribution),and  is the sizeof the training set. This
complity is mainly relatedto the level of “poseinvariance”in the hierarchy For instance,in the
root cell, the poseis the leastconstrainedthe generalizatiorerroris thenexpectedto be the highest,
soaccordingto Vapnik's bound(seeabove) mary supportvectorsareexpectedat this level in orderto
modelthe decisionsurface.

Let be denotedsimply by . We canexpandthe generalizatiorerror
as:
(4.2)
here , denotefrespectiely, thefalsealarmandmiss-detectiomatesof givenby:
(4.3)
As ,andsince is generallyverysmall the
generalizatiorerrorin (4.2)is largely dominatedby thefalsealarmrate  , i.e.,

4.3.3 Global detectorand the search strategy

By thef-networkwe meana hierarchyof SVM classi ers,wherean SVM isidenti ed with each
poseset in the hierarchyandtrainedusing facessynthesizedvith posesin . We denoteby
the global responsef the entire f-network which declaresa given patternasa face(i.e.
) if thereis at leastonecompletechainof positive responsesrom the root SVM to a leaf

SVM (seeFigs4.6.A,4.6.B):

Thisis mainly dueto the conserationhypothesigcf. the sectionaboutthe g-network andchapters).
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4.3. The f-network

S.t. and

Thegeneralizatiorerrorof thef-network is:
where , denoterespectrely thefalsealarm
andmiss-detectiomateof thef-network respectrely givenby:

(4.4)

Again, sincethe presencef facesis arareevent(i.e. ), the generalization
errorof thef-network is largely dominatedy thefalsealarmrate

Yes

7

Cancel

OO

Cancel Yes Cancel

(A) (B)

Cancel

OO

Figure4.6: (A) A completechain of ones.(B) Thedepth- rst search strateayy.

Givena pattern , we usethe depth- rst seach stratgy to evaluatethe responsef the f-network.

This searchis startedat the top of the hierarchy Givena cell , We computethe responsef the
underlyingclassi er . If the answeris “positive” (i.e., ), we visit recussivelythe sub-
hierarchiegderived from ; otherwisewe cancelall thesesub-hierarchieg¢seeFig 4.6, B). Again,

thef-network declares asafacepatternif thereis atleastonecomplete‘chain of ones”. In practice,
multiple “chains of ones” can exist for a given pattern , so our stratggy nds all thesecomplete
chainsandthepattern is classi edasafacewith aposegivenby the averageof the poseprototypes
belongingto theleavesof thesecompletechains(seeFigs4.7,4.8).

Equwalently, the f-network respondsiegatively (i.e. ) if andonly if thereis a“null covering”
of the hierarchyin the senseof a collectionof negative responsesvhosecorrespondingells cover all

A poseprototype denoted , isthemidpointof
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4.3. The f-network

Z O\

VA

Figure4.7: In this examplethe average poseis givenby

Figure4.8: Left: Multiple alarmsaroundead detectionresultingfrom multiple completechains of
ones.Right: Theposeof eat detections takenastheaverage poseof thesealarms.
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4.3. The f-network

posesithe searchis terminatedupon nding sucha null covering. Thus,for example,if , the

searchis terminatedastherecannotbe a completechainof ones;similarly, if and ,
thesearchs terminatedgtc.

A sceneas processedby visiting non-overlapping blocks(seeFig 4.9), processinghe sur

roundingimage datato extract the wavelet coefcients and classifyingthesecoefcients usingthe
searclstratey describedabove. This procesgnakesit possibleto detectall faceswhosepositionfalls

in the block andwhosescale liesin theinterval ; therangeof tilts is .
Facesatscales aredetectedvy repeatediown-sampling(by a factorof 2) of the original im-
age,oncefor scales , twice for andthricefor (seeFig 4.9). Noticethatwhena

completeroot-leafchainexists,theunderlyingleaf-cellprovidesthe poseof the pattern with anerror
equal(at most)to onepixelin location,  in rotation,and pixelsin scale.

4.3.4 Generalpropertiesof the f-network

As statedin (Vapnik 1995) (seechapter3), the expectednumberof supportvectorsfor a classi er
is boundedbelow:

(4.5)
Again, sincethe presencef afacewith aposein is arareevent,the generalizatiorerror of is
largely dominatedby thefalsealarmrate  , sowe canassumehat . Throughouthis

chapterthis erroris alsoreferredto asthe mamginal falsealarmprobability of

Themainhypothesisve malke is thatall the classi ersbelongingto the samelevel of thef-network
have the samemauginal probability of falsealarms,sincethe level of poseinvarianceandthe size of
theunderlyingtraining setsareassumedaimilar. Hence we denotethefalsealarmrate  simply by

. Furthermorethelevel of poseinvariancedecreaseom top to bottomandthis makesthe decision
boundarymoreandmore simpleandthe falsealarmrate clearly decreasesshengoing from the root
to the leaf-cells(i.e., ). It follows from equation(4.5) andthe above aguments
thatthe lower boundon the numberof supportvectorsshouldbe aboutthe samefor all the classi ers
belongingto the samelevel andshoulddecreasevhengoingfrom thetop to the bottom. Experiments
(seeTable4.1) shav thatin factthe numberof supportvectorsis quite similar for SVMs belongingto
the samelevel anddoesdecreasdrom top to bottomin the hierarchy Hence,we denote simply
with andassume . Figure(4.10,right) showvs thatthe averagefalsealarm
ratesfor differentlevels accordingto real obsenations aredecreasings increases.Figure (4.10,

Theseexperimentsare performedby runningeachlocal detectorin the f-network separatelyon randombackground
patterns Themaminal probability of falsealarmsfor alevel is takenasthe averageof themaminalfalsealarmratesmade
by thedetectordbelongingto .
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Figure4.9: Multi-scaleanalysisof faceimages.
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4.3. The f-network

left) shaws that the underlyingnumberof supportvectorsis decreasingvith respecto so Vapnik's
boundonthegeneralizatiorerror(i.e., ) isdecreasin@s increasesThis
is predictablesincethelevel of “poseinvariance’decreaseandhencethe learningproblemsbecome
easiersotheunderlyingSVM classi ersaremorediscriminatingandrequirefewer supportvectorsas

increasesNoticethatin all thesestatementandobsenations,the sizeof thetrainingsetis thesame
for all thecellsin the hierarchy
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Figure4.10: Left: Theaverage numberof supportvectos for ead level in the f-network. We can see
that this numberis deceasingand accodingly: as the sizeof the training setis similar for all the
cells,the geneslization error is decreasingroughlyin accodancewith Vapnik's bound(4.5). Right:

Average of the mamginal probability of false alarmsfor the classi ers belongingto differentlevelsin

thef-network.

Let be the probability of a “chain of ones” from the root to the pose

cell . As statedearlier the mamginal probability is the falsealarm rate of given that
this classi er is run on randombackgroundpatterns. However when is run only on badck-
ground patternsfor which the classi ers at the upper levels answerpositively thenthe
false alarm rate of is referred to as the conditional probability of false alarmsand is equalto

For the reasonscited above, classi ers belongingto the
samedevel of thef-network areassumedo have the sameconditionalprobability of falsealarms.Since
both the conditionalandthe maiginal probability of falsealarmsare only level-dependentt follows
that depend®nly ontheunderlyinglevel andnoton

Denote simply by . We canexpandthe (joint) probability as:
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4.3. The f-network

(4.6)
As , and

, we have:
4.7)
The conditionalprobability to accepta backgroundpat-
tern as a face at level , given that this patternhas beenacceptedas a face by the upper tests
, is greaterthanthe probability to acceptthis patternusingonly . Therational
is that, given the previous positive responses , this backgroundopatternis
morelikely to resemblea facethan one chosenat randomfrom all backgroundpatterns. It follows
from extensve experimentg(seeFig 4.12, left) thatthe tests arenot independentn-
der sincethe product decreasesnuch fasterthan the obsered joint probability

. Furthermore(seeFig 4.12, right) the estimatedconditionalprobability

is clearlygreaterthan in experiments.

Diagram(4.12, left) shaws clearly that the joint probability of getting
a particularchaindecreasedramaticallyfrom the rst to the secondevel of the f-network. Thisis
predictablesincethelevel of invariancechangeglramaticallydueto more“location constrained’tlas-
si ers in thesecondevel. Furtherconstraintsn locationfor theclassi ersbelongingto third andfourth
levelsof thef-network do not make asnoticeableareductionin thisjoint probability Neverthelessthe
splitin locationin thesdevelsis requiredin orderto focusthetrainingonly onrotationandscalein the
fth andthesixthlevels. Accordingto theseobsenations thejoint probabilityof theexistenceof apar
ticular chainfrom thetop to the fth or the sixth levelsdecreaseslowly asthe patterngeachinghese
levelsarethemostsimilarto faces.We seeclearlythattheclassi ersdonotbehaeindependentlyThe
conditionalprobability of alarmsshawvn in Fig 4.12(right) canbe interpretedasa deceleation of the
discriminationpower of agivenclassi er providedthatthis classi eris runonspeci ¢ background
patterns. While naturallythe mamginal falsealarmrate of decreasesasthe poseinvariancede-
creasegwith ) (seeFig 4.10,right), its conditionalfalsealarmrateis not guaranteedo decreasevith

i.e.,thosefor which the classi ersbelongingto the upperlevelsanswemositively.
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alarms=117/1960 alarms=43/1960
=1 =2
alarms=30/1960 alarms=12/1960
=3 =4
alarms=2/1960 alarms=2/1960
=5 =6

Figure4.11: Reductionof alarmsfromtheroot to the leaves.We processhis image at four different
scalesyesultingin non-overlappingblocks of pixels.For eadh level in thehierarchy, we
showthe numberof blocks (alarms)for which a chain of onesexistsfromtherootto thelevel in the

f-network.
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Figure4.12: Left: Theobservedoint and (theoetical) productprobabilitiesfor ead level in the f-
network.Right: Theobservednarginal andthe conditionalfalsealarm probability for testsbelonging
to differentlevelsin the hierarchy.

asthenggative patterngeachingthe lower levels of the f-network resembldacesmoreandmore.

In the following section, a hierarchical bootstrappingtechniqueis presentedwhich improves
face/non-dcediscrimination particularlywhenapproachinghelower levelsof thef-network.

-
0.04 N Joint probability (Before bootstrapping) --¥-- - Conditional probability (Before bootstrapping) ----
\ Joint probability (After bootstrapping) -- -®-- Conditional probability (After bootstrapping) -- @--
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Figure4.13: Thesaliagramsshowthedeceaseof thejoint andthe marginal probability of falsealarms
whenusingthebootstiappingprocess\We canseefromthethird level of thef-network thatthedecease
startsto be noticeablesincebadkgroundpatternsresembldacesmore and more and eact detectoris

thentrainedonthesespeci c patterns.

4.3.5 Top-bottom hierarchical bootstrapping

TheSVM trainingprocesss performedor eachposeset in thehierarchyby solvinga quadratic
programmingoroblemusingtheunderlyingtrainingset consistingof facepatterns  with poses
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4.3. The f-network

in andbackgroundgatterngdenoted ). Theaccurag of theresultingSVM classi er may
depend®onthe appropriateselectionof thesepatterns.in particular the decisionfunction is more
accuratevhenthe backgroundoatternsare choseno be “close” to the face-backgrounthterface. In
sucha case,thesepatternsare good candidatedo be supportvectors. In this section,we presenta
naturalmethodto selectthe backgroundraining patternsin sucha way asto reducethe globalfalse
alarmratein thef-network.

Dueto the structureof the hierarchyas increaseshackgroundpatternsaremoreandmoresimilar
to faces.Thus,theclassi ersshouldbetrainedusingnegative exampleswvhich passall thepreviouslev-
elssincetheseexamplesbettercharacterizéhediscriminationproblemto be encounterethanrandom
chosemegative examples.Hence,eachbackgroundoattern which is classi ed positively (a “chain
of ones”)from therootto acell will be usedasa negative exampleto train all the classi ers
for the childrenof

At the rst step,webuild theSVM by solvingaquadratigorogrammingproblemusing
where isarandomsubsetakenfromtheset containingall backgroungatterns. Then,atagiven
level , andfor eachposeset in the f-network, an SVM is trainedusing , Where
is a setof backgroundpatternscollectedfrom  for which thereis a chainof onesfrom theroot
to the parentof the cell atthelevel . With this particularselection the probability to geta
particularchainof onesfrom the root to the cell decreasedramatically(cf. Figs(4.13),(4.14),
(4.16),(4.15),(4.17)). Therationalis thateachclassi er will thenfocusonthe nggative examples
which passthe upperlevels andthis classi er is thenexpectedto achieve higherdiscriminationthan
a classi er belongingto the samecell andtrainedon a randomsubsetfrom . The following table
summarizeshewhole hierarchicatraining procesof thef-network:

In thef-network describedn the previoussectiongi.e., trainingwithout bootstrapping)all the SVMsin thehierarchy
weretrainedusinga subsefrom identicalto
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Initialization

All thesets and areinitialized:

All thefacessynthesizedvith randomposesn
andencodedisingthe Haarwavelettransform.

(4.8)
Randomsubsefrom If
otherwise
Here isaverylarge setof backgroundatterns.
Using ,the SVM classi er is trainedby solvinga classicalQp problem.

Bootstrapping

Runthefollowing stepsfrom the secondo the bottomlevel of the posehierarchy

For agivenlevel andaposeset , build theset accordingo thefollowing rule:
if s.t.
and
then
Giventheset of facepatternswith poseparameteri , traintheSVM on

by solvingaclassicalQp problem.

4.4 The g-network

The g-networkusesthe sameposehierarchyasthe f-network. However, for eachposeset , a
simpli ed SVM decisionfunction s built by reducingthe compleity of the correspondinglassi-
er in thef-network. In this chapterwe will notgo into detailsof the designthe g-network; thisis
the subjectof chapters$ and6.
Thecomplity of |, measuredby the numberof supportvectorsis constrainedo increasdrom the
top to the bottomlevels of the g-network. Therefore,the decisionfunctionsat the upperlevels are
rapidly computedbut arecoarseandproducehigh errorrates, whereaghe classi ersapproachinghe
bottomof theg-network aremorecomplex andachieve relatively lowererrorratesthanin theupperlev-
els(seeFig 4.18). Noticethatthegeneralizatiorerrorfor eachlocal detectorin the g-network doesnot

As in the caseof thef-network, this erroris largely dominatedoy the maminal falsealarmrate.
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,8.25(s) , 36.82(s) ,38.36(S)
,23.52(s) , 34.04(s) ,22.79(s)
, 78.09(s) , 144.63(s)

Figure4.14: Detectionswithoutthe bootstiappingprocess(lmage sizeandrun-timeperformancesre
alsoreported.)
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,9.96(s) ,46.75(s) ,44.81(s)
, 25.56(S) ,41.52(s) , 27.46(s)
,92.5(s) , 265.02(s)

Figure4.15: Detectionsvhenusingthe bootstiappingprocess(Image sizeandrun-timeperformances
arealsoreported).We canseethattherun-timeperformanceloesnotdependnly onthesizeof images
but alsoonthecompleity of thescene We foundthatthenumberof supportvectosis largerin different
levelsof thef-network(usingthe bootstiappingprocess}thanstandad training of thef-network(using
the samebadkgroundpatternsfor all the cells)andaccodingly processingimeis bigger.
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, 718.56(S) , 156.0(s)

,11.53(s) ,41.55(s) ,32.93(s)

Figure4.16: Detectionswithoutthe bootstappingprocess(Image sizeandrun-timeperformancesre
alsoreported.)
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,94.25(s) , 182.55(s)

,14.39(s) ,68.27(s) ,37.89(s)

Figure4.17: Detectionsvhenusingthebootstappingprocess(Image sizeandrun-timeperformances
arealsoreported).We canseethattherun-timeperformanceloesnotdependnly onthesizeof images
but alsoonthecompleity of thescene Wefoundthatthenumberof supportvectosis larger in different
levelsof thef-network(usingthe bootstiappingprocess}thanstandad training of thef-network(using
the samebadgroundpatternsfor all the cells)andaccodingly processingimeis bigger.
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4.4. The g-network

necessarilyre ect Vapnik's bound(see(4.5) and chapter3) sincetheseclassi ersdo not resultfrom
a classicalunrestrictedSVM training problemas before. Theseclassi ers have smallerand smaller
falsealarmratesas increasesThisis mainly dueto thefactthat: (i) This maginal falsealarmrate
is decreasingn thef-network as increasegcf. sectiond.3.4);(ii) Eachlocaldetector  mirrorsthe
correspondinglassi er  in thef-network undercertainconstraintgcf. chapter6).

We usethe samecoarse-to- nestratgy (cf. section4.3.3)for evaluatingthe g-network asthe f-
network. Unlike the f-network, however, the decisionfunctionsat the upperlevels arerapidly com-
putedandyetstill responchegatively in themajority of cases andhence‘cancel” the evaluationof all

ner SVMsin theassociate@ubtreesThis is possiblesinceonly a smallpercentagef the subimages
visitedactuallyhave faces.

S
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Figure4.18: Compleity versusinvarianceon the g-network.

4.4.1 The consewation hypothesis

OneimportantdifferencebetweertheSVM classiers  and |, particularlyneartheroot, is that,
if is constructedpurely for ef ciency, it may have an unacceptabhhigh falsenegative error rate
(andhencebeinconsistentith our computationattrateyy) and,in particular it will nothave thesame
low falsenegative error of the corresponding  (cf. chapters,6). We arewilling to sacri ce power
for ef ciency, but notattheexpenseof missing(mary) faces.Thisadditionalconstrainwill besatis ed
if a conservatiorhypothesiss imposedfor ary pattern : implies . Thiswill
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4.5. Summary

guaranteeatleastempirically, thatall thefacepatternslassi ed positively usingthef-network will be

classi ed positively usingthe g-network. We noticethatpositivity of  for “large” by nomeans
automaticallysignalsa faceasthereis a non-trivial falsealarmrate.Onthe otherhand,we canassume
that for nearlyall facepatternswith aposein

We de ne thetests relatedto the g-network in the samemanneraswith the f-network. Again,
, thegeneralizatiorerrorof  , is expandedas:
, Where denote respec-
tively the false alarm and miss-detectiornrates of . For the samereasonsas the f-network,
this generalizationerror is largely dominatedby the mamginal probability of false alarms

De ne theoverallresponsef theg-network as , andwrite to indicatethatthe set
of detectiondrom the -network is asubsebf thosefromthe -network. Indeed:

(4.9)

Let denotesafacepose.We havein fact since:
s.t (4.10)

The conseration hypothesismplies , andhence :
Accordingto this simple agument,eachlocal detectorin the g-network producesmore alarmsthan
its correspondingocal detectorin the f-network andthis makesthe numberof root-leafchainsin the
g-network greaterthanin thef-network.

Finally, sincetheg-network is exploredwith the coarse-to- nesearctstratgly anddueto controlling
the numberof supportvectors,the g-network is a very ef cient classi er relative to the f-network, as
will beshavnin chapter$b and?.

4.5 Summary

In mary existing state-of-the-artechniquesfacelocalizationis de ned asan exhaustve searchby
visiting subimagesat differentlocations,scalesand orientations. In this chapter we overcamethe
weaknes®f this bruteforce searchstratgy usinga coarse-to- ne ltering wherealmostall partsof
imagesarerejectedwith asingleSVM andheary computationis performedonly onfaceandface-like
structures. This schemes motivatedby the fact that only a small fraction of the visited subimages
containfaces.
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4.5. Summary

We presentedn this chaptera combinationbetweencoarse-to- neprocessingand SVM classi ers
trainedusinga hierarchicalbootstrappingnethod. The analysisof the error hasshawn thatthe boot-
strappingprocesss very ef cient to selecthe mostappropriatéoackgroundgatternsn orderto reduce
falsealarms.Posedecompositions anef cient view-basedramewvork thatmakesprocessingoarse-
to- ne. Differentsplitsin termsof ~ faceappearanctakenfrom are
performedin our hierarchy andthe discriminationpower of eachdetectorbelongingto a givenlevel
dependn the underlyingsplit. It would beinterestingto seekthe bestorderedsequencef splitsin
thesensef maximizingthediscriminationpower of eachiocal detectorelativeto theunderlyingback-
groundalternatve hypothesisThiswould beaninterestingandperhapglif cult optimizationproblem.

Finally, we presentedn this chapterthe f-network, which is the rst characterizatiorof our face
detectorbut for which the underlyingcomputationatostis extremelyhigh (seeFigs4.14,4.16,4.15,
4.17).Theg-networkimplementsaview-basedetectormoreef ciently sinceits architectures coarse-
to- ne in theposeandtheindividual SVM complexity.
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Asfar asthelawsof mathematics,
referto reality, they are not certain;
andasfar asthey are certain,they do not
referto reality.

Albert Einstein.



Chapter 5

Designingthe g-network

5.1 Intr oduction

The f-network classi esdatawith a sequentiaprocedureof decreasingntensityin the sensethat
the costis decreasingvith levelsin the hierarchyso that we resere intensve local computationto
rarecases.We never do realtemplate-matching exhaustvely searchingover mary transformations
sincethis requiresan enormousaamountof computation.The g-network usesthe sameprotocolandis
expectedto have the samefalsenegative rateasthe f-network dueto the conseration hypothesiqcf.
chapterd). However, thefalsepositive rateis largerdueto arti cially reducingthe numberof support
vectorsandimplementingthe conseration hypothesigcf. chapter6). Our aim is thento build the
g-network with a smallercost(computation)at the expenseof a larger, but reasonablefalsepositive
rate.

The global costof the g-network, i.e., of evaluating ona subimage dependon mul-
tiple factorsincluding backgroundejectionprobabilitiesandthe numberof supportvectorsfor each
g-classi er. Obviously, almostall classi ed patternsare not faces,so the global costis dominated
by the amountof computationnecessaryo rejectthe background.Face-like structuresequiremore
processingluebothto theincreasan the numberof thetests(SVMs) andthe compleity of eachtest.
Thereforewe attemptto selecthenumber of supportvectors(thecompleity) for eachSVM

in the g-network suchthatthe global average costto rejectbackgroundstructuresata x edfalse
alarmrateis minimized. This analysisis performedunderthe hypothesisf the existenceof a strictly
convex functionwhich modelsthe backgroundejectionprobability asa functionof SVM compleity
andthedeggreeof “poseinvariance”.
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0.1 T T T T T T T

g-classifier
f-classifier ----------

0.06 -

False alarm rate

0 | | | | | | |
50 100 150 200 250 300 350 400

Number of support vectors

Figure5.1: Thecontinuouscurve showsthe falsealarm rate as a functionof the numberof support
vectosin a particular classi er in the g-network.Thedashedine is the falsealarm rate of its under

lying f-classi er (Actually, the dashedcurvedoesnt dependon the numberof supportvectos as this

numberis constantin thef-classi er. It is drawnjustto showthe lower boundof the falsealarm rate
relatedto theg-classi er).

5.2 Complexity vs. precision

Giventhatthe size of the training setis the sameat all the levels of the f-network, the numberof
supportvectorsatagivenlevel naturallydecreasewith ; thisis simply dueto solvingeasiettraining
problemssincethecellsbecomanoreandmorehomogeneouas increasesOf coursen SVM theory
thenumberof supportvectorsre ects thedif culty of the problemandwe have alreadydiscussedhow
the expectednumberof supportvectorsis boundedbelow by , Where is the cardinality of the
trainingsetand is theexpectationof the generalizatiorerror.

In the“mappingspace” anSVM decisionfunctionis a hyperplanexpandedn termsof themapped
supportvectors. The dataappearsonly in termsof dot products(kernels)anda decisionfunctionin
the“input space’is givenby a linearcombinationof kernels.The compleity of the decisionfunction
depend®nthedistribution from which datapointsaredravn. For instancethe decisionfunctionfor a
simpleandlinearly separabldraining set,might be expressedvith only two supportvectors,whereas
the spiralexample(seechapterd) requiresmary supportvectorsasthedistribution of the datais com-
plex andtheclassesarenotlinearly separable.

ConsideranSVM classi er  in thef-network with supportvectors.In chapter6, we present
amethodto build anSVM  with aspeci ednumber of supportvectors( ) suchthatthe
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5.2. Complexity vs. precision
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Number of support vectors

Figure5.2: Falsealarmrate asa functionof the numberof supportvectos usingtwo SVMclassi ers
in the g-networkwith differentposeconstaints. TheSVMswete built usingthe Gaussiarkernel.

generalizatiorperformanceof is assimilar aspossibleto thatof . Obviously when ,
issimilarto  , andachievesexactly the samegeneralizatioperformancdut of coursenogainin
computations achieved. Onthe otherhand,underestimating makesthetopologyof  veryloose
with respecto , sothe power of falls very far shortof thatof . Clearly, asthe numberof
supportvectorsincreasesthe discriminationpower of increasesindasymptoticallythis classi er
reacheghegeneralizatiorperformancef (seeFig 5.1).

With thesamenumberof supportvectorsaclassier  will producemorefalsealarmsthanaclas-
sier when (cf. Fig 5.2) asmoreinvarianceis expectedfrom . Thefalsealarmrateis
decreasingvith in the g-network sincethe poseis moreandmorere ned andthe designateshumber
of supportvectors is normallyincreasingwith . At a givenlevel of the g-network, sinceall the clas-
si ers have the samedegreeof invarianceandarebuilt with the samenumberof supportvectors,the
falsealarmrateis expectedo be approximatelythe samefor all theseclassi ers(cf. Fig 5.3).

Thepower-computatiortradeofs aremoreor lessobvious:
Building verysimpleclassi ersin the upperlevelsof the g-network (for instancelinear SVMs) makes

thediscriminationpower of thoseclassi ersvery poorandalot of backgroungatternswill requirefur-
therprocessingn thelower levels (containingnon-linearSVMs) (cf. Fig 5.4,top), possiblyresulting

This optimalnumberis relatedto the bestcompleity-precisiontradeof accordingo our modelaswill beshovnin the
following sections.
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Figure5.3: For a particular posecell in the fth level,andthreeparticular posecellsin the sixthlevel
of the g-network,we build different SVMswith several numbes of supportvectos. Theuppercurve
showsthe false alarm rate of the SVMclassi er in fth level with respectto the numberof support
vectos, whereasthethreeothercurvesshowfalsealarm ratesrelatedto the SVMsof the sixthlevel.

in aninef cient g-network. Onotherhand,building very expensiveclassi ersatthe upperlevels(such
asthef-network) leadsto intensve early processingandmainly whenclassifyingsimple background
patternssothe overall meancostexplodes(cf. Fig 5.4, low). Betweenthesetwo extremecasesit is

worthwhileto nd the appropriatenumberof supportvectorsfor eachposecell in orderto minimize

the overallmeancost(cf. Fig 5.5) at a givenfalsealarmrate,or minimize anappropriatecombination
of costanderror. Of coursewe cannotpossiblyexploreall possibledesignssoamodelbasedapproach
IS necessary

In this chapteywe preseneamodelwhich accountdor boththe overallmeancostandthefalsealarm
rate. The proposedanalysisis performedunderthe hypothesisof the existenceof a corvex function
which modelsthe falsealarmrate as a function of the numberof supportvectorsandthe degreeof
“poseinvariance”.We usea binary hierarchyasa genericplatformin orderto make the analysismore
tractableandwe show alsohow this platformcanbe usedto designa non-binaryhierarchy

5.3 Formalization

Eachcell in theg-network, is associateavith i) anSVM classi er i) amaginal falsealarm
rate  andiii) acost  whichislinearin thenumber of supportvectors:
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Figure5.4: For a particular image processedt four different scales,we extract subimages of

pixels. Top: For eat subimaye, we computethe Haar waveletcoefcients and we classify
themusinga g-network.Fromtherootto the third level, of this network,all the underlyingSVMsare
linear wheleasin therestof thehierarchy the SVMsare simplebut non-linear Thediagram,in thetop-
left, showdor eat subimaye, thedeepeslevelvisitedin theg-networkwhenclassifyingthis subimaye
usingthe depth- rst-seach strategy. Thediagram, in top-right, showsfor ead subimaye, the total
numberof kernelsevaluated.Whenan SVMis linear, weconsiderthatthe underlyingcostis equivalent
to onekernelevaluation.Bottom: For ead subimage, wecomputeheHaar waveletcoefcients andwe
classifythemusingthe f-network. Thediagram, in bottom-left, showsfor eat subimaye, the deepest
levelvisitedin the f-networkwhenclassifyingthis subimage usingthe depth- rst-seach strategy. The
diagram,in bottom-right,showsfor ead subimaye, thetotal numberof kernelsevaluated.
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Figure5.5: For a particular image processedt four different scales,we extract subimayes of

pixels. For eath subimaye, we computethe Haar waveletcoefcients and we classifythem
usinga g-network. All the SVMsin this networkare non-linearand the numberof supportvectos
is increasingfromthe top to the bottomand is chosento minimizethe average evaluationcostof the
g-networkat a xed falsealarmrate Thediagram,in left, showsfor eat subimaye, the deepestevel
visited, in the g-network,whenclassifyingthis subimaye using the depth- rst-seach strategy. The
diagram,in right, showsfor eat subimage, thetotal numberof kernelsevaluated.

Here and are,respectrely, the costto evaluatea kernel product,andthe costof the wavelet
decompositiomnagivensubimageNoticethatwe paythecost for eachtesttraversedn thehierarchy
sincethesetestsareappliedat differentlocationsfor a given block.

Recallthetest  asarandomvariableon

if

) (5.1)
otherwise

Again, underthe hypothesighat , all the SVMs belongingto the samelevel of
theg-network areexpectedo have the samemaiginal andconditionalfalsealarmprobability (seesec-
tion 5.2). Hence,in theremaindeof thischaptey  and

aredenotedrespectiely, by and

Whena pattern is classi ed usingthe hierarchytheglobalcostis:

is performed (5-2)
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Figure5.6: Badkgroundrejectionefciency of a classi er with respecto its compleity.

Here is performed if the SVM is executedand otherwise.We aremainly interestedn the
expectedcost, , asafunctionof . Usingequation(5.2),this meanvalueis expressed
as:

is performed (53)

In the coarse-to- nesearchstratgy (seechapter4), a classi er is performedif andonly if all the
detectorsupstreanof ~ answerpositively. Hence,

is performed (5.4)
Sincethe probabilities and areassumedn-
dependenof , it follows thatthe joint probability is inde-
pendenbf andis denotedsimply by . Thus,we have:
(5.5)
Again, and imply:
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5.4. Ef cient computation

(5.6)

SVM cost

Featurecost
As mentionedabove, theaveragecostis expressedsthe sumof theexpectedhumberof kernelsevalu-
atedandthefeaturecostwhichis the extra-costhecessaryo estimatehe Haarwaveletcoefcients for
a givensubimage.For simplicity, we assumehatthe global costis dominatedoy kernelevaluations.
Thus,in theremainderof this chapteywe assumehat and sothe expectedcostbecomes:

(5.7)

5.4 Efcient computation

In orderto achiese ef cient computatior(atthe expenseof someextrafalsealarms) we considetthe
problemof designingthe g-networkasa constrainedninimizationproblem:

(5.8)
S.t.

Of course is the probability thata completeroot-leafchainexists for a background
pattern , whichis constrainedo belessthan (a x edboundonthefalsealarmrate),and
arethedesignatedmodel)cardinalitiesof the supportvectorsetsat levels
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5.4. Ef cient computation

5.4.1 The model

At this stage,we model the maiginal probability and the conditional probabilities
respectrely by:

(5.9)

This modelassumeshat the likelihood of not rejectinga backgroundpatternis inverselypropor
tional to the numberof supportvectors.The conditionalprobability (5.9) assumeshatatest ~ which

is performeddownstreanof will rejectnothingas (seeFig 5.7). Indeed,
tests with alarge numberof supportvectorsaccepionly facepatternsand,accordinglythe
test whichis downstreanof will (with abig likelihood)accepthesestructuresNotice
thatthis modeltakesinto accountthe non-independencef thetests  asthe rateof the decreasef
the conditionalfalsealarm doesnotgo down asfastasthemamginal
one.

Using the maginal and the conditional probabilities as expressedabove, the joint probability
is givenby

(5.10)

Since:

(5.11)

Equation(5.10)is our modelof thejoint probability, givenabackgroungattern to have apathfrom
theroot cell to ary particularcell suchthatall the underlyingtestsanswerpositively to the
facehypothesis.Again, in practice,increasingthe numberof supportvectors in the
g-network will decreasethis (joint) probability of falsealarmsandthis constraintis satis ed by our
model.
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5.4. Ef cient computation

Thefalsealarmrateof aclassier  dependslsoonthedif culty of theunderlyingtask,i.e.,on
the degreeof “poseinvariance”. This propertyis alsoexpectedirom our model;indeed the weighting
coefcients , areinverselyproportionalto the degreeof “poseinvariance”.In the upper
levels of the hierarchy the degreeof “poseinvariance”is high,so is chosento be relatively small
andvice-versa.Indeed,the coefcient  controlsthe conditionalfalsealarmrateof  in the model

since is adecreasindgunction of

5.4.2 Error function and constrained minimization

Let be the numberof “chainsof ones”from theroot to the leaf-cellsin the g-network, whichis
afunctionof therandomvariables

(5.12)

Where - , denotesa root-leafpath. Since , andfrom the model,
the expectationof is:

(5.13)

Where and is the probability to geta completechainof

onesfrom therootto ary particularleaf (which, by assumptionis independentf the particularpath).
Hence the probabilityto getat leastonechainis:

(5.14)
According to this bound, controlsthe false positive rate of the underlyingg-network.

Using(5.7),(5.8) and(5.14),we choosehe numberof supportvectorsasthe solutionto thefollowing
constrainedaninimizationproblem:

(5.15)

S.t. —
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5.4. Ef cient computation

Here is anupperboundon the probabilitythata completechainexistsin the g-network, takenas
aninputparameter

Theorem1 Let bereal numbes. For somewell chosen , thesolution
that satis es— , andtheconstaint on is givenby:
- if
(5.16)
Proof of Theorem 1
(5.17)
We have:
(5.18)
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Theabovetwo equationamply :

(5.19)
Letusassume known;weshowthatthegenerl term is givenby (5.16)by a recursion:
Combining— , —— , We obtain:
(5.20)
Recusion:
Assumefor ( ),
B (5.21)
We nowdemonstatethat:
T (5.22)
By (5.21), , we have:
(5.23)
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(5.24)

Hence
T (5.25)

Let . Using(5.25)andfor , werewrite (5.19)as:

(5.26)
which proves(5.22).
Asfor , using(5.17)for :

(5.27)

Theglobalaveragecostexpressedn (5.15),is now givenby:
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5.4. Ef cient computation

(5.28)
Using — , equation(5.28)canbewritten as:
— — (5.29)
Since— , the functional is anincreasingunctionof  (seeFig 5.8). Accord-
ing to (5.16), the constrainedninimizationproblem(5.15) is one-dimensionalvherethe parameters
areexpressedn termsof  suchthat andthe following
conditionis satis ed:
N (5.30)
Sinceeachparameter ( ) satis es— (seetheproofabove),theparameters
correspondo a minimumof (5.15).
Remark 4 Wede ne asanupperboundwhich is usedto constain

eath new SVM  in the g-networkto havefewer supportvectos thanits associatednadine in
thef-network.Thisconstiaintis necessargince s built by reducingthe numberof supportvectos
relatedto  (cf. chapter6).

Accordingto this remark,the new form of the constrainedninimizationproblemis written as:

126



5.4. Ef cient computation
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Figure5.8: Theavelage cost is anincreasingfunctionof
. (5.31)
s.t.
Wherefor some |, the global solutionthat minimizes and satis esthe constraints

(5.31)is givenby (5.16).

5.4.3 Solvinganon-binary network

Themodelusedto solve for the optimalnumberof supportvectorsin the caseof abinaryg-network
(denotedBGN) canbeusedto nd thisoptimalnumberin thecaseof anon-binaryg-network (denoted
NGN) (seeFig 5.9). Noticethattheformulationof the constraineaninimizationproblemrelatedto the
NGN is quitesimilarto theBGN asshavn below.

Corollary 1 For anyparticular choiceof i is an optimal solutionof the con-
strainedminimizationproblemrelatedto the BGN, then is also
an optimalsolutionof the constainedminimizationproblemrelatedto the NGN.

Proof of Corollary 1 Following the samereasoningasin section5.3, the avetage numberof support
vectoss to evaluatethe NGN (seeFig 5.9)is expandedas:

For the non-binaryg-network, recallthattherearethreequaternarysplitsin location,onebinary split bothin rotation
andscale(seechapterd).
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(5.32)

branches

branches

branches

branches

branches

Figure5.9: Numberof branchesin the NGN.

Asin section5.4.2, wede ne thenumberof chainsof onesfromtherootto theleaf-cellsof the NGN
as:

(5.33)
wheee the sumis over all brandhes. Theprobability to get a chain of onesfromtherootto a leaf
in theNGNis thenboundedasfollows:

(5.34)
whee . Let beanupperboundontheexpectedalsealarmratein theNGN.

Using(5.11),(5.32)and(5.34),we nd theoptimalnumberof supportvectosin theNGNasa solution
of thefollowing constainedminimizationproblem:
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5.4. Ef cient computation

(5.35)
s.t.
wheee:
(5.36)
For the particular choice of and

the constainedminimizationproblem
of the NGNIis the sameasthe constainedminimizationproblemof the BGN, sincewe have:

(5.37)

S.t.

Noticethat . Theefor, in termsof

and
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(5.38)

S.t.

Or,

—— Or equivalently (5.39)

S.t.

Accordingto this agument,the constrainedninimization problemfor the NGN andthe BGN are
similar. We have justto adaptthe boundsconcerning andthe expectedfalsealarmrate asshavn
in theproblem(5.39).

Discussion

Asthenumberof posecellsin theNGN is higherthanin theBGN for agivenlevel (seeFig5.9),the
expectednvariancerom ary classi erin theNGN is smallerthanin theBGN atlevel . It followsfrom
the modelthatthe coefcients , relatedto the NGN aresmallerthanthe coefcients

, relatedto the BGN. For instance, , aseachlocal detectorbelonging
to the secondevel of the NGN hasa degreeof “poseinvariance”which is reducedoy a factor with
respectto any detectorbelongingto the samelevel in the BGN. With this factor of reductionin the

130



5.4. Ef cient computation

degreeof invariance the modelconsiderghatthe underlyingnumberof supportvectorsdecreaseby
thesamefactor i.e., . Thesameargumentcanbe extendedor all thelevelsin the NGN.

In orderto solve (5.39),we usethe “generate-and-testhethodaccordingto the two following pro-
cedures:

Thegeneratoiprocedureenumerategeratively all possiblecandidatesolutions.Noticethatthere
is no combinatoriakxplosion(in termsof the numberof candidatesolutions)sinceour problem
is one-dimensionandis solvedin acompacidomain.In fact,this stepproducesall the possible
valuesof from to with aparticularincrement.

For eachiteration(eachvalueof ), thetesterprocedureheckgheconsistencefthecandidate
solution ,i.e., (i) whethertheconstrainonfalsealarmsis satis edandif all arebelow their

upperboundsthenwe check(ii) if theobjectve functionreachesmallervalueonthis candidate
solutionthenany previously consistentandidatesolution. If (i) and(ii) aresatis ed,than is

declaredasthe new solutionof the problem(5.39)at the currentiteration.

For smallvaluesof , the objective functionin (5.39) (the averagecost) takes small valuesand
the upperboundconstraintgelatedto aresatis ed, but the falsealarmconstraint(discrimination
power) might not be satis ed. As increasesthe boundson might not be satis ed andthe
averagecostincreasesvhile thefalsealarmratedecreasedNoticethat(5.39)mightnothave asolution
for ary so thesecoefcients are chosento guarantedhat (i) a solution of the problem (5.39)
existsand(ii) thefalsealarmratesthroughdifferentlevelsof the g-network, takenfrom themodeland
real obsenationsare similar asmuchaspossible(cf. the following section). Finally, the constrained
minimizationproblem(5.39)is interpretedasa practicalimplementatiorof ef cient computatiorwhich
takesinto accountposevariationanddiscriminationpower.

5.4.4 Simulation

In this sectionwe solve theconstraineaninimizationproblem(5.39). We do notneedary particular
optimizationroutinessincethe underlyingproblemis simple and one-dimensional: are
de ned in termsof  via (5.16) ( ). Therefore,we vary from 1 to its upperbound,take

asin (5.16)andwelook for the optimalvalueof the objectve functionsuchthatthepositivity,
theupperboundandfalsealarmconstraintsn (5.39)aresatis ed. For , we assume two parameter
model:

(5.40)
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5.4. Ef cient computation

Again, is adecreasingequencahich characterizethedegreeof “poseinvariance”
for eachlevel of theBGN. Here characterizethe highestdegreeof “poseinvariance”and
is therateof the decreasef this “invariance”from theupperto the lower levels(cf. Fig 5.10,top).
We selecttheoptimalparameters (i.e., ) suchthatthefollowing criterionis minimized:

(5.41)

Recallthat and
. In theerror (5.41), : correspondo the

optimal numbersof supportvectorsfoundwhenminimizing (5.39)for a given . The
fraction is the probabilityto geta chainof onesupto aparticularlevel accord-

ing to themodel,while is theunderlyingempiricalobsenred probabilitywhen
theNGN is constructeadvith asparameters.

Table5.1: Comparisorbetweererror ratesfor themodelandactualdata. Theoptimal t is
, andwe constiain thefalsealarmrateto belessthan

Levels() Nbr of SVs Falsealarm Falsealarm

in theNGN (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 choice of (cf. table5.1) to be correspondingo

. The falsealarmratesare quite similar for the em-
pirical andthemodelresults.Thus,theestimationof  for this optimalsolutioncharacterizewell the
decreasén thedegreeof “poseinvariance”in the NGN (seeFig 5.11). Sincethefalsealarmratesesti-
matedfrom themodelandrealobsenationsaresimilar, it followsthatthecostin theobjective function
(5.39) approximatesffectively the obsered cost. In fact, whenevaluatingthe objectve functionin
(5.39),theaveragecostis  kernelevaluationsper patternwhile in practicethis averagecostis equal
to
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5.4. Ef cient computation

Degree of pose invariance

Level in the hierarchy (1)

Error

Figure5.10: Top: Modelinginvarianceaccoding to levelsin the BGN . Bottom: Theerror
function5.41for differentvaluesof
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Figure5.11: Left: Thebestmodelparametes ( ) characterizingthe deceaseof pose
invariancein the BGN is givenby: , Whee
Right: Theunderlyingcoefcients ( ) in the NGN.

As we seefrom table5.1,thecoefcients andthe compleity of SVM classi ersareincreasing

aswe go down the levels of the hierarchy andthis effectively shavs thatthe bestarchitectureof the
g-network is low-to-highin compleity aswell ascoarse-to- nein pose.

5.5 Summary

The main contribution of this chapteris a modelfor the computationakompleity of the full g-
network in termsof the averagenumberof kernelevaluationsof the individual cell detectors. The
compl«ity is controlledusingan optimizationframenork, wherethe errorrate (falsealarms)is x ed
asa constraintin the optimizationprocess.Optimizationis exactandthe modelprovidesanaccurate
characterizationf the experimentabbsenations.

Sincethe compleity of eachSVM classi er in termsof the numberof supportvectorsis known,
thenext chaptemwill focusonhow to build areduceccompleity SVM classi er for agivennumberof
supportvectorssuchthatthe conseration hypothesiss satis ed.
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Chapter 6

Local detector: Reducingcomplexity

6.1 Intr oduction

In thef-network, SVM classi ersarelearningmachinesvhosedecisionsurfacesare parameterized
by a large setof supportvectorsandthis makesit possibleto modelcomplex decisionsurfacesbut at
theexpenseof run-timeperformanceThef-network is slow in thetestphasesincethe classi cationof
agivenpattern takesseveralthousandernelevaluations.The designof the optimizedg-network in
the previouschapteiis anef cient way to speedup the global performancef the hierarchy

Recallthe posehierarchy(seechapter4) consistsof nestedpartitionsof posesets wherefor
each ,anSVM is trainedon faceswith poseparametersn . The g-network hasthe same
architectureasthef-network, whereeachSVM isreplacedby amoreefcient classier . Given
a x edcost,de ned by thenumberof supportvectorswe areinterestedn this chapterin building this
reducedcompleity SVM classi er referredto asa g-classi er. First, we review the reducedset
techniqugSclolkopf etal. 1998)andwe derive aformulationbasedn clusteringin orderto overcome
thenon-cowexity of theunderlyingminimizationproblem.In section(6.4), we extendthereducedset
techniqudo implementtheconserationhypothesisvhereabound,ontheprobabilitythatag-classi er
violatesthe conseration hypothesisis presented.

6.2 Learning invariance and complexity

Predictingthe numberof supportvectorsfor a particularSVM training problemdepend®n the dis-
tribution of thedataandhencethecompleity of thedecisionboundary Froma practicalpoint of view,
it is commonthatthe numberof supportvectorsrangesfrom to of thesizeof thetrainingset.
For example,(Moghaddanm& Yang2000) nd thatthis percentagés in their experimentsvhen
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6.2. Learning invariance and complexity

separatingacesby theirgender The  -dimension probability distribution of the data,andsize of
thetrainingset all provide roughindicatorsfor predictinghow mary supportvectorsarerequiredto
handlethetaskathand.(Vapnik 1995)shovedthatthe expectationof the numberof supportvectorsof
anSVM isboundedoelov by  , where istheexpectationof thegeneralizatiorerrorof and

is the sizeof thetrainingset.

In generalfor alinear SVM, the decisionhyperplananvolvesa linearcombinationof multiple data
pointsandtherearemary equivalentrepresentationsf the samedecisionboundarysotheformulation
with the smallesthumberof supportvectorswill bethe mostefcient. Neverthelessmostimportant
patternclassi cationproblemsarenotaccommodatedly linear SVMs, andthe slackformulation(see
chapter3) hasseverelimitations in dealingwith a complex and non-linearly separabldraining set.
Kernelsmapthe datainto a high dimensionakpacewherethe linear separabilitycan be guaranteed.
Unfortunatelyevaluatingasumof kernelsis computationallyntensve, especiallyfor largescalelearn-
ing problemssuchasfacedetectionwherethereal-timeprocessingnight beahardconstraint.

We now x aposecell anddenotetheclassiers relatedto by , respectiely,
andtheir underlyinghyperplanesy and . Let beamappingfrom the input space
into a high dimensionakpace . Supportvectortraining builds a maximummauigin hyperplane
in the mappingspace . Let be the supportvectorsobtained
afterstandardrainingof andlet bethesizeof . If arethe SVM training parameterghen
thenormal of theseparatindiyperplanas de nedin termsof as(seechapterd):
(6.1)

Thus,the correspondinglecisionfunctionin theinputspace is non-linear:

(6.2)

Here and areadjustedsuchthat
In thischaptertheobjectiveis to build aclassi er of reduceccompleity for separatingubimages
with andwithout a facewith posein , andsuchthatthe conseration hypothesiss satis ed, i.e., if
then . Let  bethe x ed,tagetednumberof supportvectorsfor . In whatfollows, we
aimto createareducedsetof supportvectors,denotedoy , andthecorresponding
setof weights wherethesignof acoefcient  determineshe classmembershimf
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6.2. Learning invariance and complexity

theunderlyingsupportvector . Assumingthatthe normalto the new separatindiyperplanean
is , theunderlyingdecisionfunctionin is:

(6.3)

First, we review one of the mostrepresentatie techniquefor reducingthe numberof supportvectors
andtheunderlyingweights.

6.2.1 Thereducedsettechnique

Theprincipleof thereducedsettechniqug RST) (Burges& Schblkopf 1997)(Sclolkopf etal. 1998)
is to nd the optimal parametersdentifying a nev hyperplane that closely approximates

Given
, the optimal parameters
arefoundby minimizing:

where (6.4)
Since , and , anew optimizationproblemis derved:
(6.5)
where:
(6.6)
This function is now minimized with respectto the parameters , and

. For somekernels(for instancethe Gaussian)this function is not corvex, so with
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6.3. An ef cient decomposition algorithm for a reduced complexity support vector machine

standardptimizationtechniguesuchasconjugategradientthe parameters fail to corvergeto

a goodsolutionto the minimizationproblem(6.6), resultingin a very poor approximation to

the separatindhyperplane . Whenusingthe Gaussiarkernel, (Scholkopf et al. 1998)showved
thateachvector  canbe expressedsthe centroidof a Gaussiarclusterwhich capturesnary sup-
portvectors with (for instance)positive classlabelswhile avoiding the negative supportvectors.
This processs interpretedn (Sclblkopf etal. 1998)asthe EM (ExpectatiorMaximization)algorithm
for clusteringthe setof supportvectors.

In the following section,we presenta new formulationfor ef ciently estimatingthe reducedsetof
supportvectors.This formulationusesanargumentsimilar to theonein (Schblkopf etal. 1998)stating
thateachsupportvectorin thereducedsetcanbeinterpretedasa centroidbut our methodis conceptu-
ally differentfrom (Sclrolkopf et al. 1998). Thus,we will shov how clusteringis helpful to minimize
ef ciently the objective function (6.6). The proposedalgorithmoperatesn the threesteps:First, the
set is clusteredn themappingspace resultinginto  centroidswhereeach
onerepresenta densdlistribution of supportvectors.Then,eachcentroid,whichis expressedsalin-
earcombinatiorof original supportvectorsjs replacedy onesupportvectorwhich bestapproximates
this linearcombination.Finally, we usethis new reducedsetof supportvectorsasaninitialization of
theparameterg (6.6)in orderto improvethe nal solution.

6.3 An ef cient decompositionalgorithm for a reducedcomplex-
ity support vector machine

In this sectionwe considera family of kernelssuchthat: where isa
mappingfrom theinputspace into ahighdimensionakpace . Giventheform of thef-classi er:

(6.7)

andfor some , ( , ), and , We canrewrite the above
classi eras:

(6.8)

In this form, eachterm , referredto asa virtual center is a centroidexpressedn
themappingspace asalinearcombinationof original supportvectors.Eachcoefcient  isinter
pretedasthe degreeof membershif the supportvector in thevirtual center
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6.3. An ef cient decomposition algorithm for a reduced complexity support vector machine

Thecoefcients and areadjustedo satisfy:

(6.9)

In thiscase, isreferredto asthenormof thevirtual center

At this stage,the costof evaluating using(6.8) is at leastthe sameorder as evaluating us-

ing (6.7). Therefore,in orderto reduceeffectively this cost, we seekfor suchthat
where . Here is calledthe pre-featue
of , andwhen : is alsocalledan exact pre-feature. Eachsupportvector

is consideredasa virtual centerwith a unit normwhich hasan exactpre-feature , but any
virtual centerwith a unit norm may not have an exact pre-featuresincein practice
(Sclrolkopf etal. 1998)(Mikaetal. 1999).

We illustrate,in the remainderof this section,the differentsteps:rewrite the f-classi er usingthe
form (6.8), estimatehe underlyingpre-featuregandimprove the generalizatiorperformancesf  with
respecto usingtheobjective function(6.6).

6.3.1 First step: Clustering in the mapping space

The goal of this stepis to estimatethe virtual centers , , shavn in
equation(6.8). Throughouthis sectionwe adoptthefollowing notation:again is thesetof the sup-
portvectorsassociateavith afterstandardraining. We canwrite  asa collectionof virtual centers
with unit norms,i.e., , Where andtheir underlying
coefcients are where . The sets

, arerespectrely thevirtual centersandtheirassociatedoefcients used

to de ne thenormalto the separatindiyperplane  attheiteration of theclusteringalgorithm,as
will bedescribedn theremainderof this section.

At eachiteration,the proposedilgorithmselectawo virtual centers and with the
sameclasslabel suchthat is minimal. At a giveniteration , avirtual center
will bewritten as for some , . Hencethe -distancecanbe

expressedisingkernelproductas:
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6.3. An ef cient decomposition algorithm for a reduced complexity support vector machine

(6.10)

Then and arelinearly combinedto createa new virtual center with alabelthe
sameasthe label of and . Thus,the setof virtual centersandtheir associatedveightsare
updatedasfollowing:

(6.11)
At eachiteration, and are selectedo maintainthe normalto the separatinghyperplan
X ed:

(6.12)
Requiring , implies:

and

(6.13)
At theendof eachiteration,the decisionfunctioncanberewritten as:

(6.14)
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6.3. An ef cient decomposition algorithm for a reduced complexity support vector machine

Again, we caneasilyshow thatfor some , eachvirtual center canbe expandedas

. Thereforethe above decisionfunctionbecomes:

(6.15)

This entire processis repeateduntil reacheghe targetedcost  for some . In the
remainderof this sectionwe denote , : , simplyby , ,
and respectrely. At this stage ho compleity reductionof is achievedin termsof the numberof
kernelevaluations, neverthelessthe decisionfunction is nowwritten asthe sumof virtual centes
as:

(6.16)

In this sum,eachvirtual centercapturegshe maininformationof a particularclassof supportvectors
andthevariability insidethis class.Again, in practice eachvirtual centerwhichis notasinglesupport
vectordoesnot have anexactpre-featureandin orderto reduceeffectively the costof evaluating , the
secondstepwill estimatethe pre-featureof eachvirtual center

6.3.2 Secondstep: pre-feature estimation

From(6.3.1),eachvirtual centeris wherethecoefcient  isinterpretedas
the membershiplegreeof the supportvector to . Now, wewishto transformeach into
asupportvector in orderto reduceeffectively the costof evaluating . We take aspre-feature

the which minimizesthefollowing function:

(6.17)

We assumehat cachingis performed;.e., all the possiblevaluestaken by the kernelare pre-computedndstoredin
memory
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6.3. An ef cient decomposition algorithm for a reduced complexity support vector machine

Equation(6.17)canberewritten as:

(6.18)

Theobjectvefunction(6.18)is solvedfor . Usingtheweights estimated
in the rst step,andfor some (seesection6.4),the new form of the decisionfunction (denotedy),
which approximateshef-classi er, canbewritten as:

(6.19)

6.3.3 Third step: Impr oving the accuracy

In this section two differentmethodswill bediscussedn orderthere ne the estimatedre-features
andtheirunderlyingweights . Thismeanghatwe nd thenew
parameters and suchthat approximatesvell accordingto the objectve function
(6.6). Two methodswill bediscussedn this sectionin orderto re ne theseparameters:

(1) In the r stmethodwe keep x ed(i.e., ) andwe allow to vary
resultingin the minimizationof thefollowing function:

(6.20)
We canrewrite as:
(6.21)
Herethematrices |, , ,and arede ned as: , ,
and . We have:
o (6.22)
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6.3. An ef cient decomposition algorithm for a reduced complexity support vector machine

where is thevectorof optimalweights.

Remark 5 For boththe Gaussiamandthetriangular kernels,the Grammatrix is alwaysinvert-
ible (Micchelli 1986).

(2) In the secondmethod we allow both and to vary in the objective function (6.6). The sta-
tionary point of this objective functionis found by constraining — —
andthe minimizationproblemis solved using standardptimizationtechniquegWilliam et al. 2002)
suchasconjugategradientdescent.The main problemwhenminimizing (6.6) with respecto and

residesin the non-cowexity of this function andthe dif culty of reachinga global minimum. To
overcomethis problem,theinitial valuesof and aretakenfrom thesetof pre-features andtheir
underlyingweights found after the clusteringand pre-featureestimationsteps. This initialization
helpsthe optimizationprocess.

(A) (B) (C

Figure 6.1: Correlation factors (* ") for different examples. (A) Perfect correlation
(“ "=1.0). (B)*“ "=0. (C)“ "=0.5.

It hasbeenshaown in (Schilkopf et al. 1998)that minimizing (6.6) is equialentto maximizingthe
correlation (seeFig 6.1). This objectve measureof the

performanceof the obtainedclassi er is shavn in Figure 6.2 for steps(1,2 and 3), andthe RST
with randominitialization. We canseethat (step3, rst method)helpsto re ne  andaccordingly
the correlationincreasesneverthelessthe improvementin the correlationis not very noticeable.On
theotherhand,(step3, secondnethod)increaseshe correlationdramaticallyandoutperformgstep3,
rst method)andthereducedsettechniqugwith randominitialization). Thisis dueto thefactthatthe
pre-features aswell astheweights areallowedto varyin the minimizationproblem(6.6) resulting
in abettercharacterizationf thenew separatindnyperplane . For ourfacedetectoywe usethesteps
1,2 and(step3, secondmethod)in orderto build eachlocal detectoiin the g-network.

We assumehat
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c
8
=
g
S
o
0.4 -/ Steps 1+2 —+— -
Steps 1+2 and (step 3, first method) ——
Steps 1+2 and (step 3, second method) --3--
Random initialization + RST -
Perfect correlation -
0.2 - -
o 1 1 1 1 1 1 1 1
10 20 30 40 50 60 70 80 90 100
Reduction factor (%)
Figure6.2: Thecorrelationis illustratedwith respecto the reductionfactor (— ). Theseex-

perimentsare performedon a particular SVMclassi er in the hierarchy using the Gaussiankernel

( ).
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6.3.4 Discussion

We shavedabove asin (Sclhblkopf etal. 1998)thatclusteringis agoodinterpretatiorof thereduced
settechniquewvhich alsoovercomeshelimitation dueto thenon-cowexity of theunderlyingminimiza-
tion problem. Eachoptimizationsubproblemin (6.3.2)will de ne locally one particularpre-feature.
The setof pre-featureestimatedat this stageare usedin 6.3.3in orderto re ne the global solution
of the objectve function (6.6) andaccordinglyto improve the correlationof the new separatindiyper
plane with respecto

Now, we cangive thefollowing obsenations:

Considertwo supportvectors , andtheir underlyingweights , which
de ne avirtualcenter  (seeFig 6.3). Foragiven , thedependencef thepre-feature
of on isdeterminedy (seeFig 6.4)andthisis consistentvith theargumentin (Girosi 1998)
which stateghatsupportvectorswith the largestweightsarethe mostimportant.

Figure6.3: Exampleof clusteringtwo supportvectos in the mappingspace Thesesupportvectos lie
in theintersectionof a positive(or a nggative)hyperplaneanda unit hypesphee.
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Gaussian mixture bumps Gaussian mixture bumps
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Figure6.4: Approximationof two supportvectos with onesupportvector Each supportvectorde nes
a Gaussianin the SVMdecisionfunction. Well sepaated Gaussiansvith quite similar strengths(left
diagram) are more dif cult to approximatethan overlappingGaussianswith very disparate strengths
(right diagram).

In gure (6.5),theimagesontheleft correspondo thereducedset(RS)of facesupportvectorswhile
theimageson theright correspondo the background We canseethatthe RS of backgroundsupport
vectorsarequitesimilarto faceimagesandthis meanghatthereexistsatransformationn themapping
spacewhich createthe RS of negative supportvectorsfrom the positive set. Whenestimatingthe RS
of supportvectors,our algorithmperformsimplicitly suchatransformatiorsincethe RS of “non-face”
supportvectorslook like faceseven thoughall original backgroundraining imagesare not similar
to faces. This clearly meansthatthe RS of negative supportvectorsapproacheso the face/non-dce
boundary

Finally, gure (6.6) shawvsthe applicationof our decompositioralgorithmto reducethe complexity
of adecisionboundaryin for two differenttargetednumberof supportvectors.

6.4 Implementing the consewation hypothesis

So far, the decompositioralgorithm makesit possibleto build a g-classi er from an f-classi er,
wherethe underlyingcostof the g-classi eris x ed by the framewvork presentedn chapters. For a
givenposeset , oneimportantdifferencebetweenthe classi ers and ,
particularlyneartheroot,isthat doesnothave thesamesmallfalsenegative rateasthe corresponding
classi er . Theperformancef with respecto is measuredy:
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Levell (8X8)

Level 2 (16 X 16)

Level 3 (16 X 16)

Level 5 (16 X 16)

Level 5 (16 X 16)

Figure6.5: Visual appeaanceof somefaceand“non-face” pre-featuescorrespondingo thereduced
setof supportvectos. We usethe low frequencywaveletcoefcients in the top of the hierarchy
while in therestof the hierarchy, weusethe low frequencycoefcients. Imagesin theleft-hand
side correspondo the reducedsetof positivesupportvectos wheeasimagesin the right-handside
correspondo thereducedsetof negativesupportvectos.
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Positive gaussian bump —— Positive gaussian mixture
Negative gaussian bump

Negative gaussian mixture

Figure6.6: Top: Decisionboundaryusing of thesupportvectorset.Middle: Decisionboundary
with a reducedsetof supportvectos correspondingespectivelyo  and . Bottom: Interpreta-
tion of our decompositioralgorithmasclusteringand densityestimationusingthe Gaussiarkernel.
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6.4. Implementing the conservation hypothesis

We regard and asrespectiely the conservatiorrisk andtherelative back-
groundrejectionefciency of with respecto . Theconserationriskistheprobabilitythat violates
the conserationhypothesisvhile therelatve backgroundejectionef ciency is a measuren thedis-
criminationpowerof with respecto . TheSVM s expectedo satisfytheconserationhypothesis
andto have ashigh a relative backgroundejectionef ciency aspossible. Accordingly, the problem
of nding theappropriateeducedcostSVM canbeformulatedasthe solutionof the two following
problems:

1. Thenormal to the new separatindhyperplanen is selectedn orderto minimize the

normof
Recall , . Thus,we
have:

(6.23)

We have shown in the previous section how this problemcanbe solvedef ciently .

2. When s estimatedaccordingto (6.23),thebias is selectedo maximizetherelative back-
groundrejectionef ciency andto satisfythe conserationhypothesigesultingin:

(6.24)

6.4.1 Boundingthe consewation risk
Let bearandomvariableontheinputspace standingfor thedatato classifyand in
be the real classof the datai.e., if is afacepatternwith poseparametersn ,
and otherwise. Recall asthe setof
training patterngyeneratedl.i.d accordingto (seechapterd). We de ne therandomvariables
and on standingfor the projectionof usingthe f andthe g

functions:

(6.25)
Let beaclosedboundingball of thetrainingdatain ~ drawvn from . At this stagewe can
write theconserationrisk as:

(6.26)
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For ary , we canchooseaheradius of theball  sufciently large suchthat:
(6.27)

For this particularchoice,we select sufciently large suchthatthe conseration hypothesiswill be
satisedin ,i.e.:

(6.28)
Using(6.27),(6.28),equation(6.26)canberewritten as:

(6.29)
Consider drawvn from thejoint probability distribution , We canrewrite (6.29)as:

(6.30)

Assumingthat follows a Gaussiardistribution  (seeFig 6.7) with a mean anda

variance , theboundontheconserationrisk canbewritten as:

(6.31)

6.4.2 Discussion

The formulation presentecabose makesit possibleto nd ashift  necessaryo boundthe con-
senation risk using a Gaussianassumption. We can seefrom gure (6.7) that the distribution
of datadravn from is roughly Gaussian. This assumptioncan be validatedon the set

usingtheKulbackLeiblerdivergence
(Bishop1995). This experimentalissuehasnot yet beeninvestigatecandwill beaddressedsafuture
work.
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Figure6.7: Left: Sampleof datain ~ drawnfrom andtakenfromthetraining setrelatedto
thetop cell of the hierarchy. Right: Theprobability distribution of

If weselect sufciently largesuchthat:

, then canbe overestimatedvery large
dueto outliers) (seeFig 6.8, top) andthis makesthe relatve backgroundrejectionef ciency of the
g-classi er very small(seetable6.1,top row). Modelingthedistribution of usingthe
Gaussiarassumptiormakesthe selectionof  robustto outliers. Table (6.1) shawvs the value of the
boundon the conserationrisk (6.31)for various , andtheunderlyingreal obsenations. For some

, the g-classi eris extremelyef cient in termsof the relative backgroundejectionef ciency to the
detrimentof a smallincreasein the boundof the conseration risk and a negligible increaseof the
underlyingempiricalobsenation.

Regarding(table6.2, fourth column)and gure 6.8, the correlationfactor is anincreasing
functionof thelevel in the hierarchyasthe poseis moreandmorere ned; furthermorejncreasinghe
numberof supportvectoramakestheg-classi ersmoreandmoresimilarto theirunderlyingf-classi ers
(cf. section5.2in chaptels). Consequentlyatthe bottomof the hierarchytheg-classi ersalmosthave
the samegeneralizatiorperformanceas their underlyingf-classi ers and the amountof the shift
necessaryo guarantee¢he conserationhypothesiss moresimilarto as is morecorrelatedwith

. Thus,theboundontheconserationrisk is expectedo becloseto aswe reachthebottomlevels
of theg-network.
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Figure 6.8: Projectionof positiveand nggative data from
increasesaswego alongdifferentlevelsof the

levelsin theg-network.Thecorrelationfactor
hierarchy, sotheunderlyingclassi ers and are more andmore similar.
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6.4. Implementing the conservation hypothesis

Table 6.1: The conservatiorrisk and the relative badkgroundrejectionefciency of a particular g-
classi er in the secondevel of the g-network. This g-classi er wasrun on examplesusedto train the
corresponding-classi er.

Theshift | Theconserationrisk | Theconserationrisk | Therelative background
(Thebound) (Realobsenations) | rejectionefciency
(Realobsenations)
-0.04 3.64 0.7 94.9

Table 6.2: This table showsthe correlation factors for different g-classi ers in the g-networkwith
respecto their underlyingf-classi ers. A comparisons shownfor differentstepso build theseclassi-

ers.

Levels | Stepsl+2 | Stepsl+2and Stepsl + 2 and
(step3methodl) | (step3method2)
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 reduceghe evaluationcostof an SVM classi er.
The objective of our methodis to overcomethe non-corvexity of the objective functionrelatedto the
reducedsettechniqueasclusteringandpre-featureestimationprovide an ef cient initialization of the
parametersf this minimizationproblem.

Ouralgorithmbuildsanew SVM classi erwith fewer supportvectorssuchthat(1) thegeneralization
performanceof this classi er approximateghe performanceof the initial one, (2) the conseration
hypothesigs guaranteed3) andtherelatve backgroundejectionef ciency is ashigh aspossible.A
simple formulationis introducedin orderto implementthe conseration hypothesisandto derive a
boundon the probabilitythatthe new g-classi erviolatesthe conserationhypothesis.
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Begreatin act,
asyouhavebeenin thought.

William Shakespeake.



Chapter 7

Experiments and Applications

7.1 Intr oduction

In this chapter we evaluateour face detector(the g-network) in term of precisionand run-time
performanceA large seriesof experimentds presentedor differentcasesincludingstill imagesand
videoframesanddataset®f varyingdif culty , someextremelychallenging.In addition,our detector
canhandlea wide rangeof applicationssuchasauthenticationyideosuneillanceandimageretrieval.

7.2 Resources

The IMEDIA researchyroup hasstandardchetworked PCswith processor®f varying capabilities.
CPU-frequenciesangefrom Mhzto GHz, andrandomaccessnemoriesfrom MB to
MB. All our experimentswererun undera -Ghz pentium-Ill mono-processocontaininga MB
SDRM memory whichis todaya standardnachinein digital imageprocessing.

7.3 Training dataset

All the training imagesof facesare basedon gray level faceimagestaken from the Olivetti

databasevherethe eyesandthe mouthcoordinatesverelabeledmanuallyfor eachimage.Recallthat
is the setof posesat a given cell of the hierarchy For eachfaceimagein the Olivetti database,

we synthesis imagesof pixelswith randomposesn . This processs repeatedor dif-

ferentfaceimagesin the Olivetti databasén orderto sampleposevariationinside . Thus,asetof

facesis synthesizedor eachposecell in the hierarchy(seeFig 7.1). Backgroundnformation

is collectedfrom a setof imagegakenfrom  differenttopical databaseéseeFig 7.2),includ-
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7.3. Training dataset

s
e

Figure7.1: Sampleof faceswith weakposeconstaintswhich are synthesizettomtheOlivetti database
andprocessedisinghistagramequalization.

ing: auto-racingpeachesgamerasguitars,paintings,shirts, spacestelephonescomputersanimals,
o wers,golf, housesspiders tennis,treesandwatches.From all theseimages,we extractrandomly

subimagesf pixelsusedto trainandto bootstrappachSVM classi erin thef-network
(cf. chapterd).
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7.3. Training dataset

Figure7.2: Sample®f bakgroundimagesusedfor training.
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7.4. Multi-scale Analysis

Figure7.3: Multi-scaleanalysisof images. For ead scale thefacedetectormovesin stepsof
blocks,and seachesfor all faceswith positionin the block at anyscalein therange

7.4 Multi-scale Analysis

7.4.1 Scalevariation

Recallthatlarge variationsin scalearehandledoy down-samplingof the originalimagethreetimes
(wherethe size is reducedby a factor of two at eachstep)in orderto detectfaceswith a distance
betweertheeyesin theintervals , , and pixels,respectrely (see
Fig 7.3).

7.4.2 Parsingimages

As the detectordrom the top to the fourth level of the hierarchy accommodateespectiely, vari-
ationsof , , pixelsin location, thereis no needto scanexhaustvely all the possible
locationsof the originalimage (seeFig 7.4). In fact,only a very smallpercentag®f the pixelsin an
imagearevisited by atest(atagivenlevel ). Diagram(7.5)shaws,for eachlevel , the percentagef
the pixelsvisited by atestbelongingto . Givenanoriginalimagewhichis processeat four different
scales.Amongall possiblelocations(pixels), gure (7.5) shows thatthe aggreyatepercentag®f the

Unlike mary of the bestexisting facedetectorsvhich makesthemrelatively slow.
A pixel is visited by atestat thelevel if the datasurrounding is extracted the wavelet coefcients are

computedandclassi ed usingthe underlyingSVM.
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7.4. Multi-scale Analysis
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7.4. Multi-scale Analysis
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Figure7.5: Thepercentaye of pixelsvisitedby testsbelongingto differentlevels.

7.4.3 Combining detections

Variousheuristicsareregularly usedin theliteraturein orderto combinedetectionsandtherebyto
reducefalsealarmsandimprove the precisionof boththe localizationandposeestimation.For exam-
ple, for histhesis,(Rowley 1999)usestwo heuristicsreferredto asthe ANDing andORingstratayies,
in orderto arbitrateamongmultiple detections.The authorconsidersnultiple neuralnetworks which
aretrainedunderdifferentconditionsandproduceindependenerrors. The ANDing stratey declares
afacefor a givenlocationandscaleonly if all the networks respondpositively for this locationand
scale. This strateyy reducedalsealarmsbut alsodecreasethe detectionrate. On the otherhand,the
ORingstratgyy declaresa faceif oneof the neuralnetworks respondsgositively for thatlocationand
scale.This stratg)y reducesniss-detectionbut increasesalsealarms.

Recallthat our face detectordeclaresa given subimageas a faceif thereexists one or multiple
completechainsof onesin thehierarchy Whenrunningourfacedetectoilonagivenimage,it is possible
that detectionsoverlap(intersect)so we usesomepost-processingechniquesn orderto reducefalse
alarms.Amongpossibleheuristics:

Voting: Thistechniquearbitratesbetweerntwo (or more)overlappingdetectiondy maintaining
only thedetectionswith the highestSVMscore. Givena completechainof onesin the hierarchy
the SVM scoreis thevalueof the SVM functionattheleaf-cellof this chain. Themaindravback
is thatthis heuristicwill remove overlappingalarmscorrespondingo slightly overlappingfaces
(seeFig 7.7,the extreme-rightexample)which weresuccessfullyclassi ed asfacesby our hier-

archy Furthermoreyotingonly removesafalsealarmif it is closeto anotheralarmwith ahigher
SVM score sothis heuristiccannotdealwith isolatedfalsealarms(seeFig 7.7, the extreme-left
example).
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7.4. Multi-scale Analysis

0 100 200 300 400 500 600 700
Pixels

Figure7.6: Topleft: Detectionsusingtheg-network.Topright: Byde nition, dark pixelscorrespondo
areasof high processingwheeasbright pixelscorrespondo areaswith low processingfter applying
thefacedetector Bottom:this diagramshowshe numberof timesthegray levelinformationof a pixel

is usedin the classi cation process. This diagram is genemtedfor the particular cut shownby the
arrow in thetop-right picture.
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7.4. Multi-scale Analysis

Figure7.7: Top: facedetectionsdbefore applyingthe voting heuristic. Bottom: Reductionof alarms
after applicationof thevoting heuristic. Noticethat a facedetections remaedby the voting heuristic
at theextreme-rightimage.

Density heuristic: It is frequentlythe casethat multiple chainsof onesexist in the hierarchy
whenclassifyinga subimageIn sucha caseconsiderdeclaringa subimageasa faceif
thenumberof completechainsof onesis sufciently large. A slight variationof this, referredto
asthedensityheuristic,declaresa subimageasafaceif the aggregateSVMscoe of the
classi ersin the leaf-cellsof thesechainsis above a giventhreshold (seeFig 7.8). The main
dravback of this heuristicis selectingan appropriatethreshold , which controlsthe tradeof
betweerfalsealarmrateandmiss-detectionsUnlike voting, the densityheuristiccanmaintain
overlappingfacealarms;furthermorejsolatedfalsealarmscanbeeliminated.

Combination: We cancombinethe densityheuristicwith voting asfollows. First, we declarea
given subimageasa faceif theunderlyingcumulatve SVM scoreis above . Then,the
cumulatve SVM scoreis usedto arbitrateamongoverlappingdetectionaisingthe voting strat-
egy. Noticethatthe densityheuristicmakesthe cumulatve SVM scoreof actualfacesrelatively
strong, sothe voting will preferthesedetectionsduring the arbitrationprocess.Nevertheless,
overlappingfacesarenot preseredby the voting stratgy (seeFig 7.9) andthis increasesniss-
detectionswith respecto the densityheuristic(seetable7.2).

A facesubimages generallyclassi ed with mary “chainsof ones”,sothe underlyingcumulatve SVM scoreis high.
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7.4. Multi-scale Analysis

(A) (B) (©) (D)

Figure7.8: (A) Multiple alarmsaround ead faceregion. (B), (C), (D) Only regionswith sufcient
cumulativeSVM scoees are declaed as faceswhen using the densityheuristic (the thresholdsare
respectively , and )
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7.5. Evaluation

Figure7.9: Facedetectionusingthe densityheuristic( ) followedby the voting strategy.

7.5 Evaluation

In this section,we evaluateour facedetectorin term of falsealarmsand misseddetectionrates.
We run our face detectoron differenttest sets,from simple one (FERET databasejo standardand
challengingonessuchasthe CMU+MIT database.

7.5.1 Recever Operator Characteristic (ROC) curve

This is a very standardevaluationtechniquein machineperceptionandhasbeenusedin (Rowley
1999)and(Viola & Jones2001a), etc. The principleis basedon varyingsomefree parameterge.g.,a
threshold) pbtainresultsaboutthetradeofs amongfalsepositive andfalsenegative errors.In our case,
this free parameteis the threshold usedin the densityheuristic. When , the global detector
producesarelatively highfalsealarmratebut with few miss-detectiondn generalthefalsealarmand
the detectionrate both decreasas increases.t is interestingto seethe performanceof the global
detectorfor differentvaluesof on atestset. For each , the falsealarmandthe detectionratesare
reported,sothe ROC curve shavs detectionratesfor differentfalsealarmlevels. In the remainderof
this sectionwe illustratethe performancef thefacedetectoron the CMU+MIT andTF1 testsetsfor
differentvaluesof , whereasfor easydatabasegsuchasFERET),only a single point of the ROC
curweis reported.

Theappropriatevalueof is application-dependenEor instancejf we considera faceauthentica-
tion system(facedetectionfollowed by recanition), thenit is importantto select to have very few
miss-detectiongt the expense(if necessarypf morefalsealarms. Indeed,the recognitionstepwill
certainlyeliminatesomefalsealarms.

7.5.2 FERET dataset

The FERET program(Phillips et al. 2000),sponsoredy DARPA, developedautomaticfacerecog-
nition systemdor securityandintelligence.Thetestsetconsistof graylevelimagesof human
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7.5. Evaluation

Figure7.10: Detectionausingthe FERETtestset.

headswith differentviews includingleft, frontal andright pro les. Thistestsetis challengingfor face
recognition,but relatively simplefor detection,sinceit containsonly faceimageswith a simpleand
uniform background.

A setof imagesof singleandfrontal views of facesareusedin orderto testour facedetector
Whenrunningourfacedetectoronthis set,thedetectiorratewas with only  falsealarms(see
Fig 7.10).

7.5.3 AR Facedatabaseand sensitvity analysis

The ARF databasecontains faceimageswith uniform backgroundbut very challengingdue
to differentexpressionslighting effects, andthe presenceof partial occlusions(scanes, sunglasses,
etc). ARF databaserovidesan excellentbenchmarkto evaluatethe sensitvity of our facedetection
systemto thevisibility of facialcomponentgmainly the eyesandthe mouth)andto variouslighting
effects.We haverunourfacedetectoronasubsetontaining singlepersonmagescorresponding
to personseachrepresentetly faceimagesAmongthe faceimagedor agivenpersontiwo
imagesshav the personwith sunglasseghreewith scanesand ve with somevariationin the facial

expressiorand/orstronglighting effects. Our facedetectoihasa detectiorrateof with only
falsealarms(seeFig 7.11). We foundthat of themisseddetectionsaredueto mouthocclusion
(thepresencef scanes), dueto eye occlusion(presenc®f sunglassesand dueto face

shapevariationandto the lighting effects(seeFig 7.12). This clearly demonstratethe importanceof
theeyesin our detectionprocess.

cf. http://rvll.ecn.purdue.edufleix/alex face DB.html
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7.5. Evaluation

Figure7.11: Detectionausingthe ARFtestset.
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Figure7.12: Percentaye of errors dueto face shapevariation, lighting effects,hiding the mouthand
theeyes.
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7.5. Evaluation

Figure7.13: Somdramegsakenfromthe TF1 corpus.

7.5.4 TF1 corpus

Our facedetectorhasbeenusedin the Media-Wrk projectaboutaudio andvideo annotationde-
scriptionandretrieval. This projectinvolvesa FrenchTV channelTF1, INRIA andthe LIMSI-MNRS
Labs. The TF1 corpusinvolvesa News-videostreamof = minuteswhich was broadcastedby the
FrenchTV channelTF1 on May 5th, 2002.

We samplethevideoatoneframeeach |, resultinginto imagescontaining facesandrun
our facedetectoron the extractedframes. Someof theseframesare shavn in Figure (7.13) andthe
facedetectionresultsin Figures(7.14,7.15,7.16). Notice thattheseimageshave goodquality, soour
facedetectorachieresrelatively high performancegcf. table7.1). Figures(7.17,7.18)show the suc-
cessof facedetectionon a particularimagewhichis arti cially degradedusingsomeimageprocessing
techniquegblurring, oil-painting effects, etc).

7.55 CMU+MIT dataset

Thisis astandarcandmostdif cult testset. The CMU subsetontaingrontal (uprightandin-plane
rotated)faceswhile theMIT subsetontaindow quality faceimagesn very challengingconditions.A
few subsebf imageswith strongvariationsin 2D andout-of-planefaceorientation areremovedfrom
the CMU subseto our facedetectoris run on a subsebf imagesfrom the CMU databasand
imagesrom theMIT testset. These imagescontain  faces.

i.e., Faceswith a 2D andout-of-planeorientationangledargerthan
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Figure7.14: Detectionausingthe TF1 corpus.
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7.5. Evaluation

Figure7.15: Detectionausingthe TF1 corpus.

172



7.5. Evaluation

Figure7.16: Detectionausingthe TF1 corpus.
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7.5. Evaluation

Figure7.17: Rolustnes®f thefacedetectorto degrading effects,synthesizedrti cially .
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7.5. Evaluation

Table7.1: Evaluationof our facedetectousingthe TF1corpus.Theseesultsarerelativeto
subimayesprocessedT heaverage run-timeis reportedfor imagescontaining
heuristicis denotecoy andvotingby

Arbitration # Missed | Detection | # False| Falsealarm || Average
technique faces rate alarms | rate run-time
T( ) 017 98.4 333 1/9,632 0.351(s)
T( )+V || 034 96.8 110 1/29,159 0.361(s)
T( ) 109 89.8 143 1/22,430 0.357(s)
T( )+V | 109 89.8 038 1/84,408 0.358(s)
T( ) 151 85.9 096 1/33,411 0.343(s)
T( )+V || 151 85.9 015 1/213,833 || 0.353(s)

pixels.Density

Figure7.18: Rolustnes®f thefacedetectorto degradingeffects,synthesizedrti cially .
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7.5. Evaluation

The resultsare very encouraging(seetable 7.2). The face detectorachieses a detectionrate of
with falsealarmsonthe164imagesdrom CMU+MIT set. Theseresultsarevery compara-
ble to existing studiessuchas(Rowley etal. 1998)(Viola & Jone2001a) wheretheir testsetconsists
of imagescontaining  faces.Ourfacedetectohasanequivalentnumberof falsealarms(with a
testsetlargerthanin (Viola & Jones2001a)(Rowley etal. 1998))anda smallerdetectiorrate. In fact,
onthe CMU+MIT databasandfor falsealarms,the detectionratein (Viola & Jones2001a) was
andin (Rowley etal. 1998)it was . Thelow falsealarmratein our systems mainly due
to: (i) the hierarchicabootstrappingechniqugcf. chapterd) which makesit possibleto build a pow-
erful f-network; and(ii) thefactthattheg-network canbemadeto mirror thef-network. Thedetection
ratein our systemcouldverylikely beimprovedfurtherif we considered facetrainingdatabaseyith
morevariationthanthe Olivetti set,asin (Viola & Jones2002),(Rowley et al. 1998),(Schneiderman
& Kanadel998)who useda large andmorechallengingtraining setsof facescontainingrespectiely
: and images.Thisissuewill beaddresseth futurework.

Table7.2: Evaluationof our facedetectorusingthe CMU+MIT testset. A total of subimayes
are processedDensityheuristicis denotecoy andvotingby

Arbitration Detection|| # False | Falsealarm
technique rate alarms | rate

T( ) 92.95 312 1/2,157

T( ) 89.61 112 1/6,011
T( ) 87.2 096 1/7,013

T( ) 34.94 004 1/168,315
Vv 77.27 103 1/6,536

T( )+V || 85.48 088 1/7,650

Our facedetectorprocessescenevery ef ciently (seeFigs7.19-7.23andtable7.4). Therun-time
dependsmainly on the sizeandthe compleity of the original images(numberof faces,presencef
face-like structurestexture, etc). The following table shavs the run-time performancefor different
imagestaken from the CMU+MIT set. The size of eachimage and the numberof facesare also
indicated.Our systemprocesseanimageof pixelsin (s)whichis time slowerthan
(Viola & Jones2001a), approximately time fasterthanthe fastversionof (Rowley etal. 1998)and

time fasterthan (Schneiderma® Kanade2000). Notice thatfor tilted faces,the fastversionof
Rowley's detectorspends (s) onimagesof pixels.
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7.6. Application to face recognition

Table7.3: Thebestresultsreportedon differentdatabases.

FERET| ARF CMU+MIT TF1
(Frontalfaces)

Nbr of images
Nbr of faces
Falsealarms
Detectionrates

Two daysarenecessarin ordertotrainthe  SVM classi ersof thef-network, shavnin (chapte#,
tablel), andto build theclassi ersof theg-network by reducingthe compleity of these classi ers.

Table7.4: Run-timeperformancdor someimagestakenfromthe CMU+MIT database

Size Run-time | Numberof Size Run-time | Numberof
(pixels) (s) faces (pixels) (s) faces
0.14 1 0.36 4
0.50 2 0.49 11
0.27 4 1.23
0.57 3 0.17 6
0.53 1 0.16
0.79 9 0.58 11
0.41 4 0.52 11
0.60 15 0.38 2
0.57 2 0.04 1

7.6 Application to facerecognition

7.6.1 Facerecognitionand imageretrieval in IK ONA

We have developeda facerecognitionmethodreferredto as DSW (Sahbi& Boujemaa2001b)
(Sahbi& Boujemaa2002), which obtainsthe sameperformanceasthe eigenficemethod(Pentland
etal. 1994)for simpledatabasegsuchasthe Olivetti), but outperformsigenticesfor challengingtest
sets(suchasthe ARF database)lndeed the DSW signaturehandlesacerecognitionef ciently, even
whenfacesarepartially occluded.

DSW standgor dynamicspacewvarpingby analogywith thedynamictime warpingfor speectrecognition(Ney 1984).

177



7.6. Application to face recognition

, 0.14(s) , 0.26(s) , 0.14(s) , 0.50(s)

, 0.14(s) ,0.27(s) , 0.16(s) ,0.07(s)

,0.57(s) , 0.53(s) ,0.79(s)

Figure7.19: Detectionausingthe CMU+MIT testset.
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7.6. Application to face recognition

, 0.16(s) ,0.12(s) , 0.16(s) , 0.54(s)

,0.41(s) , 0.60(s) ,0.22(s)

,0.57(s) ,0.50(s) ,0.79(s)

Figure7.20: Detectionausingthe CMU+MIT testset.
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7.6. Application to face recognition

,0.30(s) ,0.70(s) ,0.16(s)

, 0.36(s) ,0.49(s)

, 0.58(s) ,0.20(s) ,0.27(s) ,0.09(s)

Figure7.21: Detectionausingthe CMU+MIT testset.
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, 1.23(s) ,0.17(s)
, 0.16(s) ,0.19(s) ,0.18(s) ,0.19(s)
,0.58(s) ,0.52(s)

181



7.6. Application to face recognition

,0.19(s) ,0.38(s) ,0.43(s) ,0.18(s)
, 0.06(s) ,0.20(s) ,0.22(s) , 0.16(s) ,0.17(s)
,0.12(s) ,0.13(s) ,0.18(s) ,0.07(s) ,0.07(s)

Figure7.22: Detectionausingthe CMU+MIT testset.
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7.6. Application to face recognition

, 0.04(s) ,0.22(s) , 0.05(s)

, 0.54(s) , 0.15(s) ,0.11(s) ,0.11(s)

,0.17(s) ,0.11(s) , 0.24(s)
Figure7.23: Detectionausingthe CMU+MIT testset.
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COMMUNICATION PROTOCOL

Figure7.24: TheClient/Serveiarchitecture of the IKONA CBIR system.
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7.7. Summary

Figure 7.25: Two screenshotsof the IKONA interface Thefacequeryis in the top-left side of each
screen-shotandthe 8-neaestresponseare sortedfromleft-to-rightand fromtop-to-bottom.

We pluggedour face detectorand the DSW face recognition methodinto the IKONA system
(Ferecatietal. 2001)(Boujemaatal. 2001).IKONA is a“searchby content”navigationtool for both
largegenericandspeci ¢ databaseandwebimagesjncludingfacesusingaclient/sererarchitecture.
Theclientchooseshesefunctionsusinganinterface(seeFigs 7.24,7.25).

7.6.2 Facerecognitionusingthe TF1 corpus

Within the frameawork of the Media-Work project, we have built a facerecognitionsystemwhich
canrecognize peoplewho regularly appeatin the TF1 corpus. The coarse-to- ne(CTF) detector
extractsfacesfrom the TF1 corpusandprintstheirnamesusinga facetrainingdatabaseThis database
consistsof well-extracted,registeredfacesbelongingto these personsandencodedusingthe
DSW-+eigen&cessignatures.Given a window declareda faceby our CTF detectoy we usea simple
nearesheighboorclassiferin orderto nd theclosestmatchof thiswindow in the facedatabaséof
personspndthe nameof the underyingpersonis returnedasawindow label (seeFig 7.26).

7.7 Summary

This chapterdescribeghe performanceof our face detectorusing differentdatabasesf differing
dif culty andimagequality. The strongpointsof our detectorare: (i) The hugeaccelerationn the
processindime obtainedoy the g-network with respecto thef-network; (ii) Themaintenancef good
performancen termsof falsealarmanddetectionrates;(iii) Thefactthatthis approachs genericand
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7.7. Summary

Figure7.26: Facerecanition usingthe TF1 corpus.
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7.7. Summary

couldbeappliedto solve mary semi-rigidobjectdetectiornproblems.

In addition,our CTF detectormimicsthe way the humanvisual systemworks. Indeed humanswill
generallyspendmore time interpretinga scenecontainingfaceswith a dif cult backgroundlike a
jungle)thanascenecontainingfaceswith a simplebackgroundlike anl.D. photography).

Extensiongocusonamorerealistictrainingsetin orderto cover morevariationsin faceappearance
andfaceexpressionpcclusioneffects,and3D posevariations.
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Chapter 8
Conclusionand futur e work

Detectinginstancesof faceswith varying appearancessing coarse-to- neSVM classi ersis ex-
tremely ef cient both from an algorithmic point of view andin termsof precision. This ef ciency
is mainly dueto the useof a hierarchicalplatform, proposedrst in (Fleuret& Geman2001),which
modelsinvarianceusing a coarse-to- nesubdvision of the poseand low-to-high variation of SVM
complity. In chapterd, we proposedneplatform- thef-network - which is a hierarchyof standard
SVMs trainedto modelinvarianceusinga nestedamily of poseconstraintsin the upperlevelsof this
hierarchy SVMs aretrainedon facepopulationsunderweakposeconstraintavhile in thelower levels
theseconstraintsare more and more severe so the underlyingSVMs are increasinglydiscriminating.
Thef-network, althoughvery discriminating hasthe disadwantageof beingvery slow in thetestphase
sinceit requiresheavy processingvenon simplebackgroundstructures.

The g-network hasa similar architectureasthe f-network, but requiresvery little processingn the
majority of the imagespace. This is mainly dueto controlling the numberof supportvectorsin the
posehierarchyin suchaway asto balanceheexpectedevaluationcostandtheerrorrate.As shovnin
chapter6, this erroris largely dominatedby falsealarmssinceeachclassi er in the g-network is built
to achieze anggligible miss-detectiomate(atleastempirically) at the expenseof areasonabléncrease
in falsealarms.

Severalexisting techniquegproposehe useof multiple classi ersof increasingcompleity anddis-
criminationpowerin orderto achieve ef cient computationRowley 1999),(Viola & Jones2002).0One
of theproblemss thedif culty in selectingtheappropriatecomplexity for eachclassi er suchthatthe
averageoverall evaluationcostis minimal ata x ederrorrate.In chapters, we have studiedthe com-
plexity/errorratetradeof usinga computationamodel. This modelassumesghatbackgroundejection
ef ciency is aconvex functionof SVM complity (numberof supportvectors)andthedegreeof “pose
invariance”.
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We have shavn in chapter4 thatthe discriminationpower of eachclassi er ata givenlevel of the
f-network dependsilsoonthecompleity of backgroungatterngeaching , whicharemoreandmore
similarto facesas increaseshanarerandombackgroundgatternsOur conclusionis that,for agiven
cell, the conditionalprobability of falsealarmsis largerthanthe maiginal probability. This propertyis
installedin the computationamodelproposedn chapters: Therateof the decreasef the conditional
probability modelwith respecto compleity is smallerthanfor the maiginal probability. Clearly, our
modelis fairly realisticasno assumptiorabouttheindependencef the SVM testsis required;further
morethe formulationis simpleanda simple optimizationroutineis sufcient to solve the underlying
constrainedninimizationproblem. Whensolving this problem,we foundin factthatthe bestorgani-
zationof the hierarchy(the cost-reducingy-network) is low-to-highin compleity, andcoarse-to- ne
in pose.Thus,with sucha platformsimplestructuresarerejectedusingsimple SVMs, while faceand
face-like structuregequirefurther processingtlower levelsof the g-network.

It hasbeenshavn that SVMs often outperformother popularclassi ers suchas standardarti cial
neuralnetworks(ANNSs) or standardadialbasisfunctions(RBFs)(Cortes& Vapnik1995),(Schollopf,
Sungé& Poggiol997)(Schollopf 1997).An SVM actsasasinglehiddenlayerANN wherethenumber
of unitsin the hiddenlayeris automaticallyfound by solvingthe SVM Qp problem(Vapnik 1995). It
hasalsobeenshavn that SVMs achieve bettergeneralizatiorperformancehanstandardRBF training
(Schollopf, Sung,Burges,Girosi, Niyogi, Poggio& Vapnik1997). Indeed,an SVM actsasan RBF
classi er wherethe parametersf the RBF arefoundwhenmaximizingthe mamgin; accordingto Vap-
nik'stheory(Vapnik1998)this will minimizethe generalizatiorerror.

Thechoiceof kernelsn SVM trainingis alsocritical andadesirableropertyis invariancg Evgeniou
etal. 2000)(Schlkopf etal. 1996). In chapter3, we have shavn a scale-ivariancepropertyof SVMs
trainedusingthe “triangularkernel”. The goodgeneralizatiorperformanceof this kernelis alsostud-
ied in this chapter aswell asin (Sahbi& Fleuret2002) for 2D toy problems,face detection,and
hand-writtencharacterecognition. Without tuning ary of parametersthe triangularkernelachieved
generalizatiorperformancesimilar to the bestGaussiarkernelwith parametersptimizedusinginten-
sive cross-alidation.

TheHaarfeaturesusedin our facedetectorarevery simple,rapidly calculatedandmalke it possible
to analyzethe spatio-temporavariationof the 2D facesignal. Thesefeaturesdocusonly on the global
shapeof faceg(i.e., thelow frequeng characteristicsinsteadof thefacialdetails(i.e., highfrequeny
characteristicsyvhich arenecessaryor othertaskssuchasfacerecognition,faceexpressionanalysis
or genderclassi cation. We exploit the simple structureof the Haar Iters in orderto computethese
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8.1. Future work

waveletcoefcients quickly usingtheintegralimage(Viola & Jones2002). A fastversionof histogram
equalizatioris derivedin chapter2, usingtheintegralimage whichreducesheoverheadenhanceghe
contrastbof facesandreducesstronglighting effects.

Finally, the hierarchicalfacedetectoraspresentedn this thesis,may be connectedo the way the
humanvisual systempercevesa scene.In fact, a coarsetestin the hierarchy(i.e., dedicatedo weak
poseconstraintsranbeidenti ed with braincellswhich areactivatedwhena genericclassof objects
is perceved,whereasatestdedicatedo ne poseconstraintcanbeidenti ed with amorespecialized
mechanisndedicatedo a particularclassof objects.Thefactthatthe costis increasingaswe traverse
the hierarchymimicswell the factthatthe brainfocusesmoreeasilyon a particularobjectembedded
in auniform backgroundhanin aclutteredscene.

8.1 Futurework

Our hierarchycanbe extendedto implementa multi-classSVM with differentclassegwith
oneextra classfor the background) Consideran SVM dedicatedo a particularposecell. It might be
interestingto usea priori knowledgeaboutthe 2D transformationsn the hierarchyin orderto infer the
SVMs relatedto otherposecellsusingthe methodof virtual exampleqSclolkopf etal. 1996).We can

alsoextendour approacto model3D posevariationusinga databasef facepro les (or half pro les)
or a3D facemodel.

We have shawnis chapte# thattrainingdepend®nthelevel of poseinvarianceandon theappropri-
ateselectionof the negative exampleswhenusingthe bootstrappingrocess Oneof the strongpoints
of our hierarchywith respecto theuseof a simplecascadés thatthe poseis moreandmorere ned as
we traversedifferentlevels. Thus,thedistribution of facepatternsat the lower levelsis morehomoge-
neousandthis will help (i) the bootstrappingprocessachieve goodperformancen termsof reducing
falsealarmsand (ii) thetechniquepresentedn chapter6, approximatingthe decisionboundarywith
few supportvectors.

Posedecompositions anef cient view-basedramework thatmakesprocessingoarse-to- ne.Dif-
ferentsplitsin termsof ~ faceappearanctakenfrom areperformed
in our hierarchy andthe discriminationpower of eachdetectorbelongingto a givenlevel dependon
the natureof the split. It would be worthwhile to seekthe bestorderedsequencef splitsin the sense
of maximizingthe discriminationpower of eachlocal detectorrelative to the underlyingbackground
alternatve hypothesisThiswould beaninterestingandperhapgif cult optimizationproblem.
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8.1. Future work

We arecurrentlyinvestigatinghestudyof thegeneralizatioperformancef SVMstrainedusingthe
triangularkernel.In (Osunaetal. 1997), theauthorgprovide aformulationto implementthe structural
risk minimizationprinciple which tradesempiricalrisk againstgeneralizatiorerror The authorsstate
thatthe objective functionof the underlyingconstraineaminimizationproblemis aweightedcombina-
tion of two terms.The rst onemaximizeshemamgin (reduceshegeneralizatiorerror)andthesecond
one minimizesthe empiricalrisk. The weight (denotedin (Osunaet al. 1997a) by ) controlsthis
tradeof. If  is small,the SVM trainingfocuseson maximizingthe magin at the expenseof increas-
ing theempiricalrisk, andvice-versa.lt hasalsobeenshovn in (Osunaetal. 1997a) thatthedualform
of the SVM constrainedminimization problemis equivalentto a standardSVM Qp problemexcept
thatthe coefcients areboundedabore by  (i.e., ). Now, the naturalquestion
is: Whatis therateof the changeof whenincreasinghe scaleof a training population,for both
thetriangularandthe Gaussiarkernels?it is clearthatthis ratewill determingheupperbound and
accordinglywill controlthetradeof betweertheempiricalrisk andthe generalizatiorerror.

Oneof thelimitationsin ourapproachs thedif culty in analyzingtheinvarianceof theHaarfeatures
to somenon-linearfacedeformationgsuchasfaceexpressionshich are not necessarilyexpected
from the local SVM detectors. It could be interestingto useexisting techniquesn orderto select
amongall thepossiblewaveletcoefcients thosewhich arethemostappropriatdor facedetectionand
to show thatthesefeaturescorrespondn factto thelow frequeng coefcients.

The size of the backgroundraining setnecessaryo build andto bootstrapSVMs in the hierarchy
makestraining laboriousandvery demandingboth in time andmemoryresources Furthermorethe
Olivetti databaseés smallto characterizeaccuratelythe variability in faces. The useof a larger and
morevariedfacedatabasewill certainlyimprovethedetectiorrateof our system.Of coursetheboot-
strappingprocesshouldfurtherlimit falsealarms.

Finally, furtherimprovementsn speedandaccurag couldresultfrom adaptingour detectoito video
streamingcolorimagesetc.

191



Bibliography

Amit, Y. & Geman,D. (1999), A computationaimodelfor visual selectior, Neural Computation.
11(7),1691-1715.

Amit, Y. & Kong,A. (1993), Graphicaltemplatefor imagematching', Technical Report373. Depart-
mentof Statistics University of Chicago.

Amit, Y., Geman,D. & Wilder, K. (1997), Jointinductionof shapefeaturesandtreeclassi ers., In
IEEE Pattern Analysisand MachinelIntelligence 19(11), 1300-1305.

Barlaud,M., Sole,P, Gaidon,T., Antonini, M. & Mathieu,P. (1994), Pyramidallattice vectorquanti-
zationfor multiscaleimagecoding’, IEEE Trans.Image Processing(4), 367-381.

BelhumeuyP. & Kriegman,D. (1996), Whatis thesetof imagesof anobjectunderall possibldighting
conditions, InternationalConfeenceon ComputeMsionandPatternReca@nition.pp.270-278.

BelhumeuyP. & Kriegman,D. (1998), Whatis thesetof imagesof anobjectunderall possibldighting
conditions, InternationalJournal of Computenision. 28(3), 245-260.

Bishop,C. (1995),Neural networksfor patternrecanition, ClarendorPressOxford.

Boser B. E., Guyon,l. & Vapnik,V. N. (1992), A training algorithmfor optimal maigin classi ers.,
in Proceeding®f the Fifth Workshopon ComputationalearningTheory pp.144-152.

BoujemaalN., FauqueuyrJ., FerecatuM., Gouet,V., Lesaux,B. & Sahbi,H. (2001), Interactve spe-
ci ¢ andgenericimageretrieval (invited paper)',NSF/INRIA/Berkley/IBM MMCBIRWorkshop

Bradley, E. & Robert,T. (1991), Statisticadataanalysisn thecomputeiage',Scienc&2535018),390—
395.

Brunelli, R. & Poggio,T. (1993), Facerecognition: Featuresrersustemplates, In Pattern Analysis
andMachineIntelligence 15(10),1042-1052.

192



Bibliography

Burges,C. (1996),Simpli ed supportvectordecisionrules,in “InternationalConferenceon Machine
Learning',pp.71-77.

Burges,C. (1998), ‘A tutorial on supportvectormachinedor patternrecognition’, Data Mining and
Knowledg Discovery2(2), 121-167.

Burges, C. & Sclolkopf, B. (1997), Improving the accurag and speedof supportvector machines,
in M. C. Mozer, M. |. Jordan& T. Petschegds, Advancesin Neural Information Processing
Systems'Vol. 9, TheMIT Presspp.375—-381.

Cai,J.& GoshtashyA. (1999), Detectinghumanfacesn colorimages, Image andVisionComputing
18(1),63-75.

Cauwenbaghs,G. & Poggio,T. (2000), Incrementabnddecrementasupportvectormachinelearn-
ing,, In: Advancesn Neul InformationProcessingSystemgNIPS*2000),M.I.T. Press.Cam-
bridge, MA 13, 409-415.

Clarkson,P. & Moreno,P. (1999), Ontheuseof supportvectormachinedor phoneticclassi cation.,
In Proceeding®f IEEE InternationalConfeenceon Speeh and SignalProcessing

Cohen, A., Daubechies|. & Feaueau, J. (1992), Bi-orthogonalbasesof compactly supported
wavelets',Communicationsn Pure and AppliedMathematict5(5), 485-560.

Collins, M., SchapireR. E. & Singer Y. (2000),Logistic regressionadaboosandbregmandistances,
in "ComputationalLearingTheory', pp. 158-169.

Collins, M., SchapireR.E. & SingerY. (2002), Logisticregressionadaboosandbregmandistances’,
MachineLearning48, 253-285.

Collobert, R. & Bengio, S. (2001), Svmtorch: Supportvector machinesfor large-scaleregression
problems',In Journal of Machine LearningReseath (KernelMachinesSection)l, 143—-160.

Cootes,T., Walker, K. & Taylor, C. (2000), View-basedactive appearancenodels, In IEEE Interna-
tional Confeenceon Faceand Gestue Reca@nition. pp.227-232.

Cortes,C. & Vapnik,V. (1995), Supportvectornetworks', In MachineLearning20(3), 273-297.

Cristianini, N. & Shave-Taylor, J. (2000), An introductionto supportvectormachines',Cambridge
University Press

Cristianini, N., Campbell,C. & Shave-Taylor, J. (1998), Dynamically adaptingkernelsin support
vector machines, In M.S.Kearns,S. A. Solla, and D. A. Cohn, editors, Advancesn Neuml
InformationProcessingll. MIT Press

193



Bibliography

Daubechies]. (1988), Time-frequeng localizationoperators:A geometricphasespaceapproach’,
IEEE Transactionon InformationTheory34(4), 605—-612.

Daubechiesl. (1990), Thewavelettransform time-frequenyg localizationandsignalanalysis',IEEE
Transactionon InformationTheory36, 961-1005.

EleftheriadisA. & JacquinA. (1995)," Automaticfacelocationandtrackingfor modelassistedoding
of videoteleconferencingequenceatlow bit rates, SignalProcessingimage Communications.
7(3),231-248.

Evgeniou,T., Pontil, M., Papageagiou, C. & Poggio, T. (2000), 'Imagerepresentationfor object
detectionusingkernelclassi ers', In AsianConfeenceon Computenision pp.687-692.

FerecatuM., Boujemaa,N. & Fleuret,F. (2001), Ikona—amodulararchitecturefor contentbased
imageretrieval systemsin “In Proceedingsf SCI12001vol. XIII', Orlando,FL, USA.

FletcherR. (1980),Practical Methodsof Optimization Vol. 1, JohnWiley & sons,New York.

Fleuret,F. (1999), Détectionhiérarchiquede visagespar apprentissagstatistique',PhD thesis,Uni-
versity of Paris VI, Jussieu.

Fleuret,F. & GemanpD. (1999), Gradedearningfor objectdetection’,Statisticaland computational
theoriesof visionworkshopat CVPR

FleuretF. & Gemanp. (2001), Coarse-to- nevisualselection',In InternationalJournal of Computer
Vision41(2), 85-107.

Fleuret,F. & Sahbi,H. (2003), Scale-ivarianceof supportvectormachinesasedon the triangular
kernel', Third International\Wbrkshopon Statisticaland Computationall heoriesof Vision (part
of ICCV2003)

Freund,Y. & SchapireR. E. (1996), Experimentswith a new boostingalgorithm’, In proceeding®of
thelnternationalConfeenceon Machine Learningpp. 148-156.

Fung,G. & MangasarianQ. L. (2001), Proximalsupportvectormachineclassi ers., In proceedings
of Knowledg Discoveryand Data Mining. pp. 77—-86.

Geman,S., BienenstockE. & Doursat,R. (1992), Neuralnetworks andthe biasvariancedilemma’,
Neural Computatiord, 1-58.

Girosi,F. (1998), An equivalencebetweersparseapproximatiorandsupportvectormachines' Neual
Computationl0, 1455-1480.

194



Bibliography

GraumanK., Betke, M., Gips,J. & Bradski,G. (2001)," Communicatiorvia eye blinks detectionand
durationanalysisn realtime’, In Proceedingof Computeiision and Pattern Recanition.

GrossmanA. & Morlet, J.(1984)," Decompositiorof Hardyfunctionsinto squareintegrablewavelets
of constanshape',SIAMjournal of MathematicalAnalysis.15(4), 723—736.

Guyon,l., Vapnik, V., Boser B., Bottou,L. & Solla,S. (1992), structuralrisk minimizationfor char
acterrecognition’,Advancedn Neurl InformationProcessingsystemg, 471-479.

Heisele,B., Serre,T., Mukherjee,S. & Poggio,T. (2001), Featurereductionandhierarchyof classi-
ers for fastobjectdetectionin videoimages',In: Proceeding®f 20011EEE ComputerSociety
Confeenceon Computeiision and Pattern Recanition 2, 18—24.

Hsu,R., Abdel-MottalebM. & Jain,A. K. (2001), Facedetectionn colorimages',in Proceeding®f
thelEEE InternationalConfeenceon Image Processingp. 1046—-1049.

Huang,J.,ShaoX. & WechslerH. (1998), Faceposediscriminationusingsupportvectormachines’,
In Proceeding®f the [IEEE Confeenceon PatternRecanition pp. 154-156.

Joachims, T. (199&), Making large-scalesupport vector machine learning practical, in A. S.
B. Schollopf, C. Burges, ed., Advancesin Kernel Methods: SupportVector Machines', MIT
PressCambridgeMA.

JoachimsT. (199&), "Text cateyorizationwith supportvectormachinesiearningwith mary relevant
features',In Proceeding®f the EuropeanConfeenceon Machine Learningpp.137-142.

JonesM. & Rehg,J. M. (1998), Statisticalcolor modelswith applicationto skin detection', Technical
Report,CompagCambridg Reseath Laboratory.

Kanade,T. (1977), Pictureprocessingystemby computercomplex andrecognitionof humanfaces',
PhD thesis Kyoto University, Departmenbf InformationScience

Lamdan,Y., Shwartz,J. & Wolfson,H. J.(1998), Objectrecognitionby af ne invariantmatching',In
Proceeding®f Computeiision and PatternRec@nition pp. 335-344.

Landau,T. (1989), Aboutfaces:Theevolution of the humanface', Anchor books

Lee,Y. & MangasarianQ. L. (2001), Rsvm: Reducedsupportvectormachines',in Proceedingf
SIAMInternationalConfeenceon Data Mining.

Leung,T., Burl, M. & PeronaP. (1995), Findingfacesn clutteredscenesisingrandomlabelledgraph
matching',In Proceeding®f the InternationalConfeenceon Computension pp. 637—-644.

195



Bibliography

Li, S.,Zhu, L., Zhang,Z., Blake, A., Zhang,H. & Shum,H.-Y. (2002), Statisticallearningof multi-
view facedetection',In Proceeding®f the EuropeanConfeenceon Computenision.pp.67-81.

Luntz, A. & Brailovsky, V. (1969), On estimationof charactersbtainedin statisticalprocedureof
recognition’,(In Russian)lechnicheskay&ibernetica(3).

Mallat, S. G. (1989), A theoryfor multiresolutionsignaldecompositionThewaveletrepresentation’,
IEEE Transactionon Pattern Analysisand Machine Intelligence 11(7), 674—693.

Meyer, Y. (1992), Waveletsandoperators' Cambridg University Press.

Miao, J., Yin, B., Wang,K., Shen,L. & Chen,X. (1999), A hierarchicalmultiscaleand multiangle
systenfor humanfacedetectionin comple« backgroundisinggravity centetemplate’,In Pattern
Recagnition 32(7), 1237-1248.

Micchelli, C. (1986), "Interpolationof scattereddata: Distancematricesand conditionally positive
de nite functions',ConstrApprox.

Mika, S., Sclolkopf, B., Smola,A., Milller, K.-R., Scholz,M. & Ratsch,G. (1999), Kernelpcaand
de-noisingin featurespaces'Jn M. S.Kearns,S.A. Solla,andD. A. Cohn,editors, Advancesn
Neurl InformationProcessingSystemsCambridge, MA. MIT Pressll, 536—542.

MoghaddamB. & PentlandA. (1995), Probabilisticvisuallearningfor objectdetection’,In Proceed-
ingsof the InternationalConfeenceon Computenision pp. 786—793.

MoghaddamB. & PentlandA. (1997), Probabilisticvisuallearningfor objectrecognition’,In IEEE
Transaction®n Pattern Analysisand Machine Intelligencel9(7), 696—710.

MoghaddamB. & Yang,M. H. (2000), Genderclassi cationwith supportvectormachines'In IEEE
InternationalConfeenceon AutomaticFaceand Gestue Recanition pp. 306—.

MoghaddamB. & Yang,M. H. (2002), Learninggenderwith supportfaces',In IEEE Transactions
on Pattern Analysisand Machine Intelligence24(5), 707—711.

MontgomeryD. & Peck,E. (1992), Introductionto linearregressioranalysis',John Wley and Sons,
Inc., seconckdition

Moré, J.J.& Wright, S. J.(1993), Optimizationsoftwareguide', SiamPublications

Moses, Y., Adini, Y. & Ullman, S. (1994), Facerecognition: The problem of compensatingor
changesn illumination direction’, In Proceeding®f the EuropeanConfeenceon Computeivi-
sion.pp.286-296.

196



Bibliography

Murase,H. & Nayar S. K. (1995), Visuallearningandrecognitionof 3D objectsfrom appearance.
InternationalJournal of ComputeiVision 14(5), 5-24.

Ney, H. (1984), Theuseof a one-stagelynamicprogrammingalgorithmfor connectedvord recogni-
tion', IEEE Transactionson Acoustics Speeh, and SignalProcessing32(2), 263-271.

Niyogi., P, Poggio, T. & Girosi, F. (2001), 'Incorporatingprior informationin machinelearningby
creatingvirtual examples, In: Intelligent Signal Processing(eds.)S. Haykin, B. Koslo, IEEE
Press PiscatawayNJ pp.127-162.

Oren, M., Papageagiou, C., Sinha,P,, OsunaE. & Poggio,T. (1997), A trainablesystemfor people
detectiorl, In Proceeding®f thelmage UnderstandingWorkshoppp.207-214.

OsunaE. & Girosi, F. (1998), Reducingrun-time compleity in svms', In Proceedingf the 14th
InternationalConf on Pattern Reca@nition, Brisbane Australia.

Osuna,E., Freund,R. & Girosi, F. (1997a), "Supportvector machines:Training and applications',
CBCLPaperN 144/AIMemoN 1602,Massatiusettdnstituteof Technology, Cambridge, MA.

Osuna,E., Freund,R. & Girosi, F. (1997), Training supportvector machines:an applicationto
facedetection’,In Proceeding®f the International Confeenceon Computenision and Pattern
Recanition pp. 130-136.

Papageagiou, C. & Poggio,T. (2000), A trainablesystemfor objectdetectior, InternationalJournal
of Computeivision 38, 13—33.

Pentland,A., MoghaddamB. & Starner T. (1994), View-basedand modulareigenspacdor face
recognition’,In Proceeding®f the InternationalConfeenceon Computenision pp. 84-91.

Phillips, P. (1999), Supportvectormachinesappliedto facerecognition’, Technical ReportNISTIR
6241,M. KearnsandS. SollaandD. Cohneditors, MIT Press

Phillips, P. J.,Moon, H., Rizvi, S.A. & RaussP. J. (2000), The FERET evaluationmethodologyfor
face-recognitioralgorithms', IEEE Transactionson Pattern Analysisand Machine Intelligence
22(10),1090-1104.

Platt,J. (1999), Fasttrainingof supportvectormachinesisingsequentiaminimal optimization',In B.
SdolkopfandC. BurgesandA. J. Smolaeditors. Advancesn KernelMethods— Supportvector
Learning Cambridge. MA. MIT Presspp. 185-208.

Romdhani,S., Torr, P, Scholkopf, B. & Blake, A. (2001), Computationallyef cient facedetection’,
In Proceeding®f the InternationalConfeenceon Computenision pp. 695—700.

197



Bibliography

RosenblattF. (1958), The perceptrona probabilisticmodelfor informationstorageandorganization
in thebrain’, Psytological review 65, 386—-408.

Rowley, H. (1999), Neuralnetwork-basedacedetection',PhD Thesis Carnagie Mellon University.

Rowley, H., Baluja,S. & Kanade,T. (1998), Neuralnetwork-basedacedetection',In IEEE Transac-
tionson Pattern Analysisand MachineIntelligence20(1), 23—38.

SaberE. & Tekalp,A. (1998), Frontal-viev facedetectionandfacial featureextractionusingcolor,
shapeandsymmetrybasedcostfunctions'’, PatternRecanition Letters 198), 669—-680.

Sahbi,H. & BoujemaaN. (2000), From coarse-to- neskin andfacedetectiorl, ACM International
Confeenceon Multimedia.pp.432-434.

Sahbi,H. & BoujemaaN. (2001a), "Accuratefacedetectionbasedon coarsesggmentationand ne
skin coloradaption',Internationalconfeenceon Image and SignalProcessind CISP.

Sahbi,H. & Boujemaa,NN. (2001b), "Rohust matchingby dynamicspacewarpingfor accurateface
recognition, In ProceedingfthelEEE Internationalconfeenceonimage Processingpp.1010—
1013.

Sahbi,H. & BoujemaaN. (2002a), "Coarse-to- nefacedetectionbasedon skin color adaption, In
Proceedingof Springer Verlag Lectue Notesin ComputerScienceECCV's Workshopon Bio-
metric Authenticationpp.112-120.

Sahbi,H. & Boujemaa). (2002), 'Rolustfacerecognitionusingdynamicspacewarping., In Pro-
ceedingof Springer Verlag Lectue Notesln ComputerScienceECCV's Workshopon Biometric
Authenticationpp.121-132.

Sahbi,H. & Fleuret,F. (2002), Scale-ivarianceof supportvectormachinesasedon the triangular
kernel', INRIAResearh Report,N 4601

Sahbi,H., Geman,D. & Boujemaa,N. (2001), Coarse-to- nefacedetectionusing svm classi ers
(demoandpostersession)’,TheNSF/INRIA/Berkley/IBM MMCBIRWorkshop

Sahbi,H., Geman,D. & Boujemaa,N. (2002), "Face detectionusing coarse-to- nesupportvector
classi ers', In Proceeding®f the IEEE InternationalConfeenceon Image Processingpp. 925—
928.

SchapireR. E., Freund,Y., Bartlett,P. & Lee,W. S. (1997),Boostingthe magin: a new explanation
for the effectivenessof voting methods,in “In Proceeding®f the InternationalConferenceon
MachineLearning',MorganKaufmann pp. 322-330.

198



Bibliography

Schneidermart. & Kanade,T. (1998), Probabilisticmodelingof local appearancandspatialrela-
tionshipsfor objectrecognition, In Proceeding®fthe ComputeiisionandPatternRec@nition
Confeencepp.45-51.

Schneidermarti. & Kanade,T. (2000), A statisticalmethodfor 3d objectdetectionappliedto faces
andcars', In Proceeding®of the Computenvision and Pattern Recagnition Confeencepp. 746—
752.

Schneidermarti. & Kanade,T. (2002), Objectdetectionusingthe statisticsof parts’, International
Journal of Computenision.

Schollopf, B. (1997), Supportvectorlearning’,Oldenboug Verlag, Munich.

Scholkopf, B., Burges,C. & Vapnik, V. (1996), Incorporatinginvariancesn supportvectorlearning
machines'In Arti cial Neural Networks—ICANN

Schdlkopf, B., Knirsch, P, Smola,A. & Burges,C. (1998), Fast approximationof supportvector
kernelexpansionsandaninterpretatiorof clusteringasapproximationin featurespaces'jn Pro-
ceeding®of Levi M. ShanzR.-J AhlersandF. May editors, MusteerkennungDAGM-Symposium
Informatikaktuellpp. 124-132.

Schollopf, B., Sung,K. & Poggio, T. (1997), Comparingsupportvector machineswith gaussian
kernelsto radial basisfunctionclassi ers', In IEEE Transactionon SignalProcessing

Schollopf, B., Sung,K., Burges,C., Girosi, F., Niyogi, P, Poggio, T. & Vapnik, V. (1997), Com-
paringsupportvectormachineswith gaussiarkernelsto radial basisfunctionclassiers, In IEEE
Transcationn SignalProcessingty(11),2758-2765.

Simard,P. Y., Bottou,L., Haffner, P, Yanne& Cun,Y. L. (1999), Boxlets:afastconvolutionalgorithm
for signalprocessingandneuralnetworks', In M. Kerns,S.Sollaand D. Cohneditors, Advances
in Neural InformationProcessingsystemd 1, 571-577.

Sirovitch, L. & Kirby, M. (1987), Low dimensionaprocedurdor thecharacterizatioof humarfaces',
Journal of Optical Societyof America4(3), 519-524.

SobottkaJ. & Pittas,l. (1996), Segmentatiorandtrackingof facesin colorimages, In Proceedings
of the InternationalConfeenceon AutomaticFaceand Gestue Rec@nition. pp. 236-241.

SobottkaK. & Pitas,l. (1996), Extractionof facial regionsandfeaturesusingcolor andshape&nfor-
mation’, In Proceeding®f InternationalConfeenceon PatternReca@nition. pp. 421-425.

199



Bibliography

Sung,K.-K. (1996), Learningandexampleselectionfor objectandpatterndetectior, Ph.D. Thesis,
Massatiusettdnstituteof Technolagy, Electrical Engineeringand ComputerScience

Sung,K.-K. & Poggio,T. (1995),Finding HumanFaceswith a GaussianMixture Distribution-based
FaceModel,

SungK. K. & Poggio,T. (1998), Example-baselbarningfor view-basechumanfacedetection',|EEE
Transaction®n Pattern Analysisand Machine Intelligence20(1), 39-51.

Swain, M. & Ballard,D. (1991), Colorindexing', InternationalJournal of Computeiision 7(1), 11—
32.

Tieu, K. & Viola, P. (2000), 'Boostingimageretrieval’, In Proceedingsof the ComputerVision and
Pattern Rec@nition Confeencepp.228-235.

Turk, M. & Pentland A. (1991), Eigenfacesfor recognition’, In Journal of Cognitive Neuioscience
3(1), 72-86.

Vanderbei,R. J. (1999), 'LOQO: An interior point codefor quadraticprogramming', Optimization
Methodsand Softwae 11, 451-484.

Vapnik, V. N. (1995), The natureof statisticallearningtheory’, Springer \erlag.
Vapnik,V. N. (1998), Statisticallearningtheory, A Wley-IntersciencePublication

Vetter T., JonesM. & Poggio,T. (1997), A bootstrappingalgorithmfor learninglinear modelsof
objectclasses, In Proceedingsof the ComputerSocietyConfeenceon Computer\Vision and
Pattern Rec@nition pp.40—46.

Viola, P. & JonesM. (2001a), 'Rapidobjectdetectionusinga boostedcascadef simplefeatures',in
Secondnternational\WorkshopOn Statisticaland ComputationalTheoriesof Vision-Modeling
Learning Computingand Sampling

Viola, P. & JonesM. (2001b), 'Rapidobjectdetectionusinga boostedcascadef simplefeatures',in
Proceeding®f the Computeiision and PatternRec@nition Confeence

Viola, P. & JonesM. (2002), Rolustreal-timeobjectdetection(to appear)',InternationalJournal of
Computenvsion.

William, H., Teulkolsky, S. & Flannery B. P. (2002), Numericalrecipesin c++ : theart of scienti c
computing’,William H. PressSaulA. Teulolsky and William T. \VetterlingandBrian P. Flannery
2nded Cambridg University Press

200



Bibliography

Yang,J., Lu, W. & Waibel, A. (1998), Skin-color modelingand adaptation’,in Proceedingof the
AsianConfeenceon Computenision pp. 687—-694.

Yow, K. C. & Cipolla, R. (1998), Enhancinchumanfacedetectionusingmotionandactive contours',
In Proceeding®f the AsianConfeenceon Computension pp.515-522.

Yu, K., Ji, L. & Zhang, X. (2002), ‘'Kernel nearest-neighboalgorithm’', Neural Processing_etters
15(2), 147-156.

201



