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Résune

Dans cet article nous proposons une methode pour
l'apprentissge automatiquede caractéristiquesrobustes
et gérérales a partir d'images de luminancede visages.
Les détecteus ainsi obtenussont robustesaux change-

mentsd'illumination, de personneet d'expressionfaciale

Pour obtenir un détecteurde visage able, les relations
spatialesentre les caractéristiquesdétecéesdoiventétre
prisesen compte Nousproposonsd'apprende les rela-

tionsdescaractéristiquedesplusremagquablespar unhis-

togrammeen espacdogarithmiqueangulaire. La recon-
naissanceestobtenuepar évaluationde la mesue de di-

vemgenceentre 'histogrammemockleetl'histogrammeob-
sené. Nosexemplesnontent desdétections ables dans
descasquireprésententlesdé s pournotreapproche Nos
experiencesmontient qu'un mocktle de n'importe quelle
classed'imagespeutétre géréré a partir d'un faible nom-
bre d'exemples.

Mots Clef

Extractionet repesentatiordesconnaissancesglassi ca-
tion, reconnaissanade formesdanslimage

Abstract

In this article we proposea methodfor learning generic
and robust featules from a visual image classand apply
it to faceimages. Theresultingfeatue detectos are ro-

bustto illumination, personidentity, gender andfacial ex-

pressionsln order to obtaina powerfulclassdetectorwe
learn the spatialrelationsof the moststableclassfeatues
by computinga histogramin log-polar space Detection
is then performedby computingthe histagram divergence
betweemueryandmodelhistogram. Thetarget objects,n

our casefaces,are detectedinderchallengingconditions,
evenin the caseof unconstainedimages. The proposed
methodis generl, and canbe appliedto learn any visual

image class.
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1 Intr oduction

In this articlewe proposea methodfor the automaticcom-
putationof robustandgenericfeaturesrom imagesform-
ing a visual class. We have chosenfacesto demonstrate
the performanceof our method. The goal of our research
is to develop a systemthat canlearnary visual class. For
this reasonwe avoid to useary constraintsthat simplify
the face detectiontask and make the systemmore spe-
cialised. We focus on the fastand simple training phase
and on the possibility to apply our methodto ary set of
images. The systempresentechereis not meantto com-
petewith the very specialisedacedetectionsystemsum-
marisedn [18]. We usethefacedetectionexampleto val-
idateour approach.

In our exampleapplication,the featuresare learnedfrom
faceimagesacquiredundercontrolledillumination condi-
tionsandcanbeappliedto unconstrainefhceimages.This
experimentdemonstratethe ability of our genericfeature
detectorgo generalisérom few examplesto unknovn im-
agesof thesameclass.A key pointto therobustnesgo il-
luminationchangess the detectionof facialfeaturesrom
luminance. The robustnesso the changesn acquisition
conditionsof the genericfeaturesis demonstratedn the
experiments.

In the secondpart of this article, we proposea methodto
learnthe spatialrelationsof the genericfeatures.The ob-
tainedmodelin form of a log-polar histogramsenes for
detection. This two stagelearningsystemhasthe advan-
tagethatit combinesthe propertiesof the low level fea-
tureextractionandthe higherlevel spatialrelationcontext.
The resultingmodelinherits the robustnessrom the fea-
ture extractionandthediscriminancdrom the spatialrela-
tion context. A modelcomputedrom few imagesproduces
gooddetectionresults. The systemcanbe appliedto ary
type of imagesandit requiredlittle supervisiorduringthe
learningstage.



Theremainingarticleis organisedasfollows. Section2 ex-
plainsthe extractionof the raw appearancéaturesusing
scalenormalisedGaussiarreceptive elds. Section3 de-
scribesthe clusteringapproachor computingthe generic
androbustfeaturedetectordrom theraw features.n Sec-
tion 4 we describehow to judgethe quality of the generic
featuredetectors.The developedmeasurellows to select
high quality featuredetectors.Section5 describesan ap-
proachto learnthespatialrelationsof local measurements.
The proposedog-polarhistogramsare a meansto model
thedataandto avoid over tting. Experimentatesultsare
givenin Section6. Theexperimentshav exampleof suc-
cessfuldetectionin challengingcases.

2 Feature Selection

Gaussianderivative receptve elds are used by mary
researcherdor the descriptionof local feature appear
ance[2, 8, 11, 12, 14]. Low orderderivativesmeasurghe
basicgeometriesof features[5]. Local featuresare rep-
resentedy theresponsdo a bankof Gaussiarderivative
receptve elds centeredon the imageposition. Scalein-
variantreceptve elds areobtainedby normalizatiorto in-
trinsic scaleat eachpixel, wherethe intrinsic scaleis de-
terminedfrom extremain the normalisedLaplacianover
scale[7].

Many popularfacedetectionmethodsusechrominanceo
detectskinregions[15, 17]. However, thechrominancen-
formationpercevedby thecamerds theproductof theob-
jectspigmentandthecolorof theilluminationaccordingo
thedichromaticre ection modeldescribedy Klinker [4].
By restrictingthe featurespaceto the luminancecompo-
nent,we obtainafacialfeaturedetectorthatis notsensitve
to changesn illumination color.

For thedescriptiorof localappearancteaturesve use rst
and secondorder Gaussianderivatives of the luminance
channel.Therestrictionto the luminancechannelandthe
suppressiomf the derivative of orderzeromalkesthe fea-
turevectorlesssensitve to illumination variations.In our
previous work [3], experimentswith featurespacesup to
third order derivatives shawved no increasein discrimina-
tion quality. The higherdimensionof the featurespacen-
creaseghe averagedistancebetweenassociatedeatures
whichaugmentsheerrorrate.

Featuresituatedat positionsof a densepixel-wisegrid are
extractedat the speci ¢ intrinsic scale. This producesa
large numberof datapointsfrom a small numberof im-
ageswhich is goodfor the subsequenearningalgorithm.
The datais normalisedto compensatéor the dynamicof
receptve elds of differentorderssuchthatthedistribution
has0.0meanand1.0standardleviation.

Traditional methodsuse scaleinvariant local featurede-
scriptors.This hastheadwantagethatfeatureghatoccurat
differentscaledueto perspectie transformatiorareasso-
ciated.Scaleinvariantfeaturedescriptionallows matching
invariantto the featurescale.If suchfeaturesareusedfor
modelling,the modeldoesnot containinformation of the

Figurel: Clusterexamples.(a) scaleinvariantfeaturespaceup
to order2. (b) featurespaceupto order2 with scale.

relative scalebetweerfeatures.

The relative scalerelationsare discriminantfor the object
andshouldbe presered. For this reasornwe have devel-
opeda featurespacehatwe referto asscalefeaturespace
which allows the generationof a globally scaleinvariant
modelthat preseresthe internalscalerelations. We pro-
poseto use(Ly;Ly;Lxx;Lyy:Lyy; ), whereLy denotes
the rst derivative of imagel in directionx. This corre-
spondsto an extensionof the Gaussiarderiative feature
spaceby an additionaldimensioncontainingscale. This
additionalscaledimensionallows to take into accountthe
local scalefor clustering.

3 Computation of genericfeatures

The idea of vector quantizationor clusteringof the out-

putsof linear Iter setshasbeenappliedby LeungandMa-

lik for texture recognitionandimagesegmentation6, 9].

They de ne textureasentity with spatiallyrepeatingorop-
erties. Zhu andhis collaboratorsobtain clustersrobust to

rotation and scalechangesy applyinga transformcom-
ponentanalysisto image patchesbefore clustering[20].

Thetextonsthatrepresenthetexture clustersallow the ef-

cient modelingof textures. Schmidhasappliedthe same
k-meanglusteringschemeo composeagenericdfeaturedor

imageindexing [13].

Facesarecomposedf facial featuresthat consistof par

ticular local appearances:acialfeatureof differentfaces
have similar appearancsuchthat all faceimagescanbe
consideredo form avisualclass.Thelocalfeatureappear
anceis capturedy anappropriatdeaturespacesuchasthe
scalefeaturespacedescribedn Section2. A visualclass
hasspatiallyrepeatingoropertiesover the elementsof the
class.Clusteringasappliedby Malik for textureclassi ca-

tion nds theserepeatingoropertiesandlearnstheir varia-
tions. Theresultis a setof associateghoint cloudswhich

we referto asgenericfeaturesor classtonsThe choiceof

this nameis ananalogyto Malik' s texton prototypes.

We use k-meansto associatenearbypointsand nd the
classtonclusters. K-meansis an iterative algorithm that
convergesto a local minimum. To avoid the problemof
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Figure2: Featurextractionalgorithm.

nding a suboptimalsolution,k-meansis performedsev-
eral times and the bestsolutionin termsof overall error
is kept. We experimentedvith k in the rangeof 10 to 50.
Figurel shavs examplesof clusteringresults.Theclusters
arerepresente@sthe centerof gravity of the clusterele-
ments. The vectorialrepresentationf the gravity centers
provide the weightsof the linear combinationof the im-
pulseresponsesf the Gaussiarderivative receptive elds.
Thislinearcombinationis only usedto visualizethe mean
featureof the associatealusterpoints. It containsno in-
formation aboutthe shapeof the point clusterin feature
space.Figurel (a) shavs the clustercentersusinga scale
normalisedeaturespaceFigurel (b) shavsthecentersof
afeaturespacewith additionaldimensionfor scale.

The classtonsare a set of descriptorsthat model the re-
peatingpropertiesof ary imageclass.For anobsenedim-
age,we can computeclasstonchannelsin the sameway
asMalik. In a classtonchannelthoseimagepositionsare
marked whoseunderlyingfeatureis mappedo the partic-
ular classtonby evaluatinga distancemeasuresuchasthe
one describedn equation2. The classtonchannelspro-
vide a partition of the image. It is thereforepossibleto
displaysereralclasstorchannelsn asingleimage(cluster
map)codedasdifferentcolors(pixels marked by the same
grey-level correspondo the sameclasstonchannel). The
mappingfrom the Gaussianlerivative featuresg,y , tothe
clustermaprepresentationiyl (x; y), canbe formalisedas
follows.

MOGy) = arg max dj (M) 1)
where
di(Myy) = jMy ~jj (2

d; (myy ) is the Euclideardistanceof the measuremerand
theclustercenter~; of clusterC; in a Gaussiarderivative
featurespacewith 0.0 meanandl.0 standardleviation.

Figure? illustratesthe featureextractionprocess.Thetop
right graphshaws the classtonchannels.Featuresassoci-
atedto the particularchannelare marked light grey. We

obsere mapswhich mark uniform regions, bar like re-

gionsor morecomple regionssuchasthe eyes. The cor

respondinglustersarethe class-speci dfeaturedetectors.
Many neighboringpixels are assignedo the samecluster
andform connectedegions. This is natural,becausdahe

local neighborhoodf closepixels have a strongoverlap,
with a high probability that the imageneighborhoodsire
assignedo the samecluster

4 Cluster quality

Clustersaredensecollectionsof datapoints. They areuse-
ful for classi cationbecauséhey represena collectionof
highly similar features.Underthe conditionthatthe train-
ing imagesare visually similar, thosedenseclustersrep-
resentthe most signi cant featuresfor the trainedimage
classandallow to learnthevariationsof thesefeatures.

Anyhow, thereis anincongruity betweerthe clustersthat
are automaticallycomputedusing densitycriteriaandthe
featuredetectorshat we wish to obtain. This is natural,
sincethe clusteringassociatepoints only basedon dis-
tancein featurespace. As a consequence;lustersmay
emege that group similar featureshaving no semantic
meaning. In the following we have formalisedadditional
selectioncriteria to judgethe quality of a cluster Appli-
cationof thesecriteriaallow to selectthe featuredetectors
that correspondo thosefeaturesthat are focussedy hu-
mansaccadewhenpresentedo afaceimageasdescribed
by Yarkus[19].

In orderto judgethequality of acluster we discusghefol-
lowing measuresthe compactnesandthe densityin fea-
turespaceandtheaveragesizeof theregionsin theclasston
channe(ACCS).
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(a) largest ACCS channels  (b) most compact clusters  (c) densest clusters

Figure 3: (a) Classtonchannelsproducingthe largestaverage
component§ACCS measure)(b) The 6 mostcompactclasston
channels(c) The 6 densestlasstorchannels.

(a) intersection of (b) and (c)  (b) 15 most compact clustefs) 15 largest ACCS chann

Figure 4: (a) Combinationof compactnessnd image-based
measure. (b) The 15 most compactclasstonchannels. (c)
Classtorchannelswith large ACCS.

X
ACCS(l) = Ni Fi(l) (5)

i=1

with F; (1) sizeof connectedomponenin imagel . ACCS
is obtainedby averagingthe connectedegionswithin the
trainingimages. Compactnesg de ned asthe ratio of a
volumeandthe enclosingsphere.ln orderto computethe
compactnessf a clusterCy, we modify the geometrical
de nition of compactnesasfollows. The D-dimensional
volumeA of a clusteris approximatedy the productof
standarddeviation ; of its membersin eachdimension
i = 1;:::;D. Thevolume of the enclosingsphereV is
computedasthemaximumstandardieviationto thepower
of D. Clusterdensityis computedas averagenumberof
pointspervolumeunit.

Thedensityof clustersdepend®nthetotal numberof fea-
ture points. For this reasona thresholdfor reliabledetec-
tion of denseclusterscannot be found. Compactneshas
the advantagethat it is independenfrom the numberof
featuresbecausdt takesinto accountheclustershape A
genericfeaturewith good generalisatiorability produces
large connecteccomponentsn the classtonchannelsand
hasthereforealarge ACCSmeasureFigure3 shavsanex-
ampleof compactlustergproducinglargeconnectea¢om-
ponentghat specifyforeheadhair, eyes,nose,andmouth
region as signi cant featuresof faces. For this reason,
ACCSis a good measurdor the generalisatiorability of
acluster

Examplesof classtonchannelsof the different selection
criteriaareshavn in Figure3. The densestlasstonsare
composediy mary pointsandlittle variationsuchasthe
background.This type of classtonsanbe usefulfor g-
ure ground segmentationon uniform background. Com-

pactclustersform nearly sphericalpoint cloudsin feature
space.Typical examplesarevery distinctfeaturessuchas
the noseand other barlik e facial features. On the other
hand theform of theeye region clusterhasamorecomplec
form in the featurespacedueto the complex appearances.
This motivatesthe useof animagebasedmeasuresuchas
ACCS.Theeyeregionis only detectedy thisimage-based
measure A meaningfulfacial featuredetectoiis therefore
characterisedby high compactnesandlarge ACCS.The
combinationof connectedand compactclustersis shovn
in Figure4.

5 Modeling spatial relations

The genericfeatureshave the propertythat they can be
computedat ary imageposition. They do not containary

notion of image position. The genericfeaturesare de-
tectedrobustly to intra-classvariability becauselustering
is a meansto learnthis variability from examples. They

provide the local measurementseededor a higherlevel

recognitionprocess. Due to their locality, they respond
to clutteredbackground.By taking into accountthe spa-
tial relationsbetweenfeatures facescanbe detected-eli-

ably despitebackgrounctlutter In this sectionwe propose
anautomaticnodelgeneratiorthatlearnsspatialrelations
of genericfeatures. This modelis inspiredby Belongies

shapecontext [1].

5.1 Log-polar histograms

A log-polar histogramhas bins that are uniform in log-
polarspace This correspondso alinearly increasingoosi-
tionaluncertaintywith distancerom thereferencegposition
p= (Xo;Yo)" . Thismeanghatthe descriptolis moresen-
sitiveto measuremengt nearbypositionghanto measure-
mentsatimagepositionsfartheraway. This malkesthelog-
polardescriptiorappropriatdor applicationavheretheob-
jectundegoesafne transformationsit is appropriatefor
thedescriptionof faceimagesandothernon-rigid objects,
thatoftenhave smalldeformations.

The computationof the log-polar representations per
formedin two steps. First, the region aroundthe query
positionp; is transformednto polarandthenlog-polarrep-
resentatioraccordingto:

:pX2+y2; =tan ! X (6)
y
N

=logy(); = 5* 7

with (X;¥) = (Xo+ X;Yyo+ Y) Cartesiarcoordinates,
(; ) polarcoordinatesN, angularresolutionand(; )
log-polarcoordinates.

The polar representatiortontainsthe pixel valuesof the
transformedoriginal image. The so obtainedpolarimage
is thensampleduniformly in log spaceaccordingto Equa-
tion (7) in orderto Il the histogram.Eachhistogramcell
containgtheratio of the surfacecoveredby thequerypixel
andthetotal surfaceof thehistogranbin. Theconstruction



(a) Original image with query point p (b) polar image

Figure5: (a) Imagein Cartesiancoordinateswith query
point. The rangeof the log-polarhistogramis marked by
thelargecircle. (b) Image(a) transformedo polarcoordi-
nates.

of thelog-polarhistogramis illustratedin Figure5. A fast
implementatiorusesa lookup table of the direct transfor
mation.

5.2 Learning the spatial relations

Applying asetof k high quality clustersanimageis trans-
formedto k binaryimages the classtonchannels.This is
an enormougdatareduction,but it preseresthe type and
the positionof thelocal imagefeature. This is exactly the
information neededfor detection. The classtonchannels
senesasinput for the log-polarhistogram.The log-polar
histogrammeasureshe relative positionsof the detected
classtorregionsandprovidesa signatureof the spatialre-
lationswithin a particularrange.

For learningthe spatialrelationsof the target object, the
userselectsaareferenceositionwithin asetof trainingim-
ages. This is the only userinteractionrequiredfor train-
ing. A modelhistogramis constructedasthe averagelog-
polarhistogramof the training histogramsaxtractedat the
referenceposition. In the faceimageexample,we choose
thecenterbetweerthe eyesasreferencepositionandcom-
putedthe averagemodel histogramfrom 10 training im-
ages.

For measuringhe similarity betweenrary queryhistogram
Q andthe model histogramH we usethe 2 divergence
measure.

(G h)?

2 . _X
(HrQ)_ q+hi

®)

whereh; is the contentof bin i of modelhistogramH . If
the divergenceis sufciently small, the faceis detectedat
the currentposition. Suchdetectionsaremarked ascircles
in theFigures6 to 10.

The samplingin log distancdrom thereferencepoint pro-
videsincreasingobustnessn positionwith increasinglis-
tancefrom the referencepoint. Scaleand posechanges
or facial expressiongypically producevariationsin posi-
tion of facial featureswhich is compensatethy log-polar
sampling. An exampleis showvn in Figure6. The robust
modelingis themajoradwantageof thelog-polarhistogram

approactoverotherdirectmodelingmethodssuchascarte-
sianhistogramsor learningthe spatialrelationof a setof

facial featurepointsasdescribedby Wiskott [16] that re-
quiresthe preciseextractionof eyes,noseand mouthcor

ners.

6 Experiments
6.1 The Databases

We use two public face databases,the AR face
databasg10] andthe Caltechfacedatabast Additional
experimentsare performedon homemadedigital images
of ourresearchygroup. Theimagesof the AR facedatabase
have a resolutionof 256 192 andcontaina large num-
ber of individuals, men and women from different eth-
nic groups,with and without glassesdifferent hairstyle
or beard. The imagesshov different facial expressions,
lighting changesand occlusions.To demonstratéhe per
formanceof our methodon imageswith clutteredback-
ground,we usethe Caltechfacedatabasehat consistsof
435imagesof 30individualswith variousbackgroundin-
door and outdoorillumination. Someimagesare under
exposed. Theimagesarerescaledsuchthatthe headsize
approximatelycorrespond$o the headsizeof the AR face
database.

6.2 Robustnessof genericfeature detectors

For constructinghegeneridacialfeaturedetectorswe use
the rst 15neutralfacesof menfromthe AR facedatabase.
We useseggmentatiormapsto focuson the objectfeatures
andspeedipthelearningprocessTheseggmentatiormaps
are not usedfor testing. From the 37 k-meansdetectors
we selectthe 5 classtonghat scorehighestaccordingto
ACCSandcompactnessThosedetectordorm 5 classton
channelghat are combinedinto a single clustermaprep-
resentatioraccordingto equationl, whereeachchannels
is marked by a differentgrey value(blackmeanghatnone
of the 5 classtonfeatureshasbeendetected).Figure7 il-
lustrategheresponsesf thedifferentdetectorso faceson
clutteredbackground.We obsene only few falsepositive
detectionslueto backgroundtlutter

Among the 5 channelswe obtaina detectorfor left side
of foreheadcheekandchin, a secondsymmetricdetector
for theright side of foreheadcheekandchin. A detector
for theregionshetweerthe eyesandcentermpartof thechin
andforehead.A detectorfor eyes,that respondsalso for
the mouthregion. The lastdetectoris sensitve to barlike
structuresasthenose.

Figure 8 shaws the resultsof robustnesgo signi cant il-
lumination changes.|It canbe obsered, that somefacial
featuresare stableevenin imageswith signi cant illumi-
nationchangesandothersarenot.

Typically, classtonghat mark facial featureswith signif-
icant local structuresuchas the eyes, and mouth region
arestableunderchanginglighting conditions. Thosefea-

Lavailableat http:/iww.vision.caltech.edu/html- les/arche.html



151% 114% Model size 100% 85% 66% (failed)

Figure6: Detectionresultsfor arti cially scaledmages.The detectionapproactis robustto limited scalechangesiueto the e xibility
introducedby thelog-polarhistogram.

Figure 8: Classtonchannelsof imagesundersigni cant illumination changes.The classtonsare obtainedfrom 15 frontal facesunder
uniform lighting suchasthe imagein thetop row. The facial featuresare detectedreliably. Facedetectionis successfuin imageswith
variousfacialexpressionsstrongillumination, andocclusionslt failsin casesith combinedstrongillumination andocclusions.



Figure7: Classtorchannelof individualsotherthanthe 15 neu-
tral maletraining faces. All facesarereliably detectedusinga
log-polarhistogramjnsertionsdueto backgrouncalutterarerare.

ture that display little local structuresuchasthe cheeks,
noseandforeheacaremuchmoresensitve to illumination
changeslin otherwords,comple featuresaresufciently
outstanding suchthat a changein illumination doesless
disturbthe matching.

6.3 Facedetection

Theclasstorchannelof the5 high quality clustersseneas
inputfor thefacedetectiorsystem Facesshowv aconsistent
spatialpatternwithin thefaceregion. This spatialpatternis
modelledby thelog-polarhistogram As thefeatureextrac-
tion by classtorchannelss robustto illumination changes,
headposeorientationsmallchangesn headsize,andgen-
der, sois themodelingby log-polarhistogram In addition,
the samplingin log-polarspacentroducesa robustnesgo
positionof thefacialfeatureghatis requiredfor successful
facedetectiorrobustto facialexpressions.
Forlocalisationthequeryimageis rasterscanneavith step
size 4 pixels. At eachgrid nodethe correspondindog-
polarhistogramis extractedandthedivergencemeasuref
thisqueryhistogramandthemodelhistogranis computed.
If the divergencemeasureés belowv athresholda detection
is registered.Sucha successfutletections visualisedby a
circlein theoriginalimage. Theradiusof thecircle corre-
spondgo therangeof thelog-polarhistogram.

In orderto shov the stability of our approachto images
with clutteredbackgroundanddifferentillumination con-
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Figure 9: Evaluationof the facedetectionon the Caltechface
database.

ditions,we have performeda facedetectionexperimenton
the Caltechface databasen 435 images. Examplesare
shavn in Figure7. A detectionsystemis commonlychar
acterisedby two values: how mary objectsare detected
(recall)andhow mary of the detectionsarecorrect(preci-
sion).
# correctpositives

Total # positivesin dataset
# correctpositives
# correctpositves+ # falsepositives

Recall=

9)

Precision= (20)
Thedetectiorresultscanbedisplayedasa precisionrecall
curvewherea parameterin this casethemaximumcost,is
variedto obtainseveralvaluesonthecune. A gooddetec-
tor hashigh recallandhigh precision.Figure9 shavs the
precisiorrecallcurvefor the CaltechfacedatabaseWe ob-
tainarecallof 97.7%(4250ut of 435imagesaredetected).
Figure 6 shaws the robustnesdo scalevariationswithout
explicitly compensatindor scalechanges.Our approach
canbe madescaleinvariantby a smallnumberof modi -
cations(extractionof the raw Gaussiarderivative features
andadaptionof the histogranrange). Thesemodi cations
are not yet implementedthe robustnesss achiered only
by the e xibility of thelog-polarrepresentation.

We performa facedetectionexperimentfor imagesfrom
the AR facedatabasshawving otherindividualsthanthose
usedfor training. We obtainedfollowing detectionrates
for a setof 444 images(Table 1). We provide only re-
call rateshecausehe precisionis not interestingfor im-
ageswith uniformbackgroundThe rst columnshavsthe
detectionratefor Cartesiarhistogramghatareinferior to
the detectiorratesof thelog-polarhistogramslin all cases
the divergencemeasureof Cartesiarhistogramss higher
thanthedivegencemeasuref log-polarhistogramsBoth
factsmotivatethe modelingof spatialrelationsin log-polar
space We have very gooddetectiorresultsfor differentfa-
cial expressionsdifferentillumination or occlusions.The
mostdetectiorerrorsoccurfor combinedocclusionandil-
luminationchanges.

Figure8 shaws therobustnesdo illumination changesind
occlusions.Detectionfails in casesvheresigni cant fea-
turessuchasthe noseor themouthregion arenot detected



Detectionrate Cartesian Log-polar
using histograms histograms
Expressions 98.8% 99.3%
lllumination 91.4% 97.8%
OR occlusion

[llumination 54.0% 69.4%
AND occlusiof

Total 84.5% 91.2%

Tablel: Facedetectiorratefor AR faceimagesunderdif-
ferentconditions.We have very gooddetectionresultsfor
differentfacialexpressionsdifferentilluminationor occlu-
sions. The mostdetectionerrorsoccurfor combinedoc-
clusionandillumination changes. The precisionis high,
because¢heimageshave uniform background.

by the correspondinglasstonThisis thecasein occluded
imagesor in imageswith extremelighting conditions. In

caseswherea high numberor the facial featuresare de-
tected,the divergencemeasureallows a successfutletec-
tion.

Thelog-polarimplementatiorallows themodellingof spa-
tial relationsthatis sufciently discriminantto avoid false
detectionsandis generalenoughto avoid over-tting. In

theexampleof unconstraine@magesn FigurelOall faces
are correctly detected. The large amountof falsedetec-
tions by the genericdetectorsall over the backgroundare
successfullyiscardedy thespatialrelationconstrainim-

posedby the log-polarhistogram.This is a corvincing re-

sultconsideringhevariationsin scale headposeandlight-

ing.
7 Conclusions

In this article,we proposeanapproactor learningof local
coefcients for the constructionof detectordfor common
featuresof a visual class. In orderto obtainrobustnesgo
illumination changesthe featuredetectorsare computed
from luminanceimages,since the luminancechannelis
lessaffectedby illumination changeshanthechrominance
channels. In orderto obtain automaticallythoseclusters
thatcorrespondo meaningfulfeaturesye developamea-
sureto judgethe quality of eachcluster For our training
imageof the AR facedatabasetheapplicationof thequal-
ity measureselectdacialfeaturedetectorghatcorrespond
to thosefeatureghatarepreferredoy humansasobsenred
in psychoplgsicalexperiments.
Thelocalfacialfeaturesaredetectedobustly to intra-class
variability andsene asinputto amodulethatmeasurethe
spatialrelations.Usingalog-polarhistogramtheobtained
modelis sufciently discriminantto provide reliableface
detection.Facedetectionfails only in casesvhereimpor-
tantfeaturesaremissedby the detectors.

In the experimentswe demonstratéhe stability of the fa-
cial featuredetectorswith respecto personidentity, light-
ing changesdifferent facial expressionsocclusionsand

Figurel0: Classtorchannel®f unconstraine@mage.Thetrain-
ing is performedon frontal facesrom the AR databaseDetected
faceamarkedby circlesarecharacterisetly the combinedoccur
renceof facialfeaturesNo falsedetectionsareobsered.



clutteredbackgroundThe detectorgeneralisavell to un-
known faces,and are robust to genderand facial expres-
sions.Thecombinationof strongsideillumination andoc-
clusiondisturbsthe characteristi¢acepatternwhich make
detectiormoredif cult. Reliablefacedetections possible
onimageswith clutteredbackgrouncandsmallchangesn
headsize becausédhe log-polar histogramrepresentation
allows to be insensitve to facial featuredetectionsn the
backgroundy takinginto accounthe spatialrelations.
Theseresultsare a steptowardsthe constructionof a ro-
bust recognitionsystemthat canlearnand modelary vi-
sualimageclass.Thelog-polarhistogramapproachs one
possibilityamongothersto learnspatialrelations.The ad-
vantagesreclear Themodelingavoidsoneto onematch-
ing, providessufcient discriminanceor reliablerecogni-
tion andat the sametime is robustto positionchangeof
distantfeaturepoints. Furthermoreit is a straightforward
approachthatrequiredittle supervision.
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