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Résuḿe

Dans cet article nous proposons une methode pour
l'apprentissage automatiquede caractéristiquesrobustes
et géńerales �a partir d'images de luminancede visages.
Les détecteurs ainsi obtenussont robustesaux change-
mentsd'illumination, depersonneet d'expressionfaciale.
Pour obtenir un détecteurde visage �able, les relations
spatialesentre les caractéristiquesdétect́eesdoiventêtre
prisesen compte. Nousproposonsd'apprendre les rela-
tionsdescaract́eristiqueslesplusremarquablesparunhis-
togrammeen espacelogarithmiqueangulaire. La recon-
naissanceestobtenuepar évaluationde la mesure de di-
vergenceentrel'histogrammemod�eleet l'histogrammeob-
serv́e. Nosexemplesmontrent desdétections�ables dans
descasqui représententdesdé�s pournotreapproche. Nos
experiencesmontrent qu'un mod�ele de n'importe quelle
classed'imagespeutêtre géńeré �a partir d'un faible nom-
bred'exemples.

Mots Clef

Extractionet repŕesentationdesconnaissances,classi�ca-
tion, reconnaissancedeformesdansl'image

Abstract

In this article we proposea methodfor learning generic
and robust features from a visual image classand apply
it to face images. Theresultingfeature detectors are ro-
bustto illumination,personidentity, gender, andfacial ex-
pressions.In order to obtaina powerfulclassdetector, we
learn thespatialrelationsof themoststableclassfeatures
by computinga histogram in log-polar space. Detection
is thenperformedby computingthehistogramdivergence
betweenqueryandmodelhistogram.Thetargetobjects,in
our casefaces,are detectedunderchallengingconditions,
even in the caseof unconstrained images. Theproposed
methodis general, andcanbeappliedto learn anyvisual
imageclass.
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1 Intr oduction
In thisarticleweproposeamethodfor theautomaticcom-
putationof robustandgenericfeaturesfrom imagesform-
ing a visual class. We have chosenfacesto demonstrate
theperformanceof our method.Thegoalof our research
is to developa systemthatcanlearnany visualclass.For
this reasonwe avoid to useany constraintsthat simplify
the face detectiontask and make the systemmore spe-
cialised. We focuson the fastandsimple training phase
and on the possibility to apply our methodto any set of
images.The systempresentedhereis not meantto com-
petewith thevery specialisedfacedetectionsystemssum-
marisedin [18]. We usethefacedetectionexampleto val-
idateourapproach.
In our exampleapplication,the featuresare learnedfrom
faceimagesacquiredundercontrolledillumination condi-
tionsandcanbeappliedtounconstrainedfaceimages.This
experimentdemonstratestheability of our genericfeature
detectorsto generalisefrom few examplesto unknown im-
agesof thesameclass.A key point to therobustnessto il-
luminationchangesis thedetectionof facial featuresfrom
luminance. The robustnessto the changesin acquisition
conditionsof the genericfeaturesis demonstratedin the
experiments.
In the secondpart of this article,we proposea methodto
learnthespatialrelationsof thegenericfeatures.Theob-
tainedmodel in form of a log-polarhistogramserves for
detection.This two stagelearningsystemhasthe advan-
tagethat it combinesthe propertiesof the low level fea-
tureextractionandthehigherlevel spatialrelationcontext.
The resultingmodel inherits the robustnessfrom the fea-
tureextractionandthediscriminancefrom thespatialrela-
tioncontext. A modelcomputedfromfew imagesproduces
gooddetectionresults. The systemcanbe appliedto any
typeof imagesandit requireslittle supervisionduringthe
learningstage.



Theremainingarticleis organisedasfollows. Section2 ex-
plainstheextractionof the raw appearancefeaturesusing
scalenormalisedGaussianreceptive �elds. Section3 de-
scribesthe clusteringapproachfor computingthe generic
androbustfeaturedetectorsfrom theraw features.In Sec-
tion 4 we describehow to judgethequality of thegeneric
featuredetectors.Thedevelopedmeasureallows to select
high quality featuredetectors.Section5 describesan ap-
proachto learnthespatialrelationsof localmeasurements.
The proposedlog-polarhistogramsarea meansto model
thedataandto avoid over-�tting. Experimentalresultsare
givenin Section6. Theexperimentsshow examplesof suc-
cessfuldetectionin challengingcases.

2 FeatureSelection
Gaussianderivative receptive �elds are used by many
researchersfor the descriptionof local feature appear-
ance[2, 8, 11, 12, 14]. Low orderderivativesmeasurethe
basicgeometriesof features[5]. Local featuresare rep-
resentedby the responseto a bankof Gaussianderivative
receptive �elds centeredon the imageposition. Scalein-
variantreceptive�elds areobtainedby normalizationto in-
trinsic scaleat eachpixel, wherethe intrinsic scaleis de-
terminedfrom extremain the normalisedLaplacianover
scale[7].
Many popularfacedetectionmethodsusechrominanceto
detectskin regions[15, 17]. However, thechrominancein-
formationperceivedby thecamerais theproductof theob-
jectspigmentandthecolorof theilluminationaccordingto
thedichromaticre�ection modeldescribedby Klinker [4].
By restrictingthe featurespaceto the luminancecompo-
nent,weobtainafacialfeaturedetectorthatis notsensitive
to changesin illuminationcolor.
For thedescriptionof localappearancefeaturesweuse�rst
and secondorder Gaussianderivatives of the luminance
channel.Therestrictionto the luminancechannelandthe
suppressionof thederivative of orderzeromakesthe fea-
turevectorlesssensitive to illumination variations.In our
previous work [3], experimentswith featurespacesup to
third orderderivativesshowed no increasein discrimina-
tion quality. Thehigherdimensionof thefeaturespacein-
creasesthe averagedistancebetweenassociatedfeatures
whichaugmentstheerrorrate.
Featuressituatedatpositionsof adensepixel-wisegrid are
extractedat the speci�c intrinsic scale. This producesa
large numberof datapoints from a small numberof im-
ageswhich is goodfor thesubsequentlearningalgorithm.
The datais normalisedto compensatefor the dynamicof
receptive�elds of differentorderssuchthatthedistribution
has0.0meanand1.0standarddeviation.
Traditional methodsusescaleinvariant local featurede-
scriptors.Thishastheadvantagethatfeaturesthatoccurat
differentscalesdueto perspective transformationareasso-
ciated.Scaleinvariantfeaturedescriptionallows matching
invariantto the featurescale.If suchfeaturesareusedfor
modelling,the modeldoesnot containinformationof the
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Figure1: Clusterexamples.(a) scaleinvariantfeaturespaceup
to order2. (b) featurespaceup to order2 with scale.

relativescalebetweenfeatures.
The relative scalerelationsarediscriminantfor theobject
andshouldbe preserved. For this reasonwe have devel-
opeda featurespacethatwe referto asscalefeaturespace
which allows the generationof a globally scaleinvariant
modelthat preservesthe internalscalerelations.We pro-
poseto use(L x ; L y ; L xx ; L xy ; L yy ; � ), whereL x denotes
the �rst derivative of imageI in directionx. This corre-
spondsto an extensionof the Gaussianderivative 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�lter setshasbeenappliedby LeungandMa-
lik for texture recognitionandimagesegmentation[6, 9].
They de�ne textureasentitywith spatiallyrepeatingprop-
erties. Zhu andhis collaboratorsobtainclustersrobust to
rotationandscalechangesby applyinga transformcom-
ponentanalysisto imagepatchesbeforeclustering[20].
Thetextonsthatrepresentthetextureclustersallow theef-
�cient modelingof textures.Schmidhasappliedthesame
k-meansclusteringschemeto composegenericfeaturesfor
imageindexing [13].
Facesarecomposedof facial features,thatconsistof par-
ticular local appearances.Facialfeaturesof differentfaces
have similar appearancesuchthat all faceimagescanbe
consideredto form avisualclass.Thelocal featureappear-
anceis capturedby anappropriatefeaturespacesuchasthe
scalefeaturespacedescribedin Section2. A visual class
hasspatiallyrepeatingpropertiesover theelementsof the
class.Clusteringasappliedby Malik for textureclassi�ca-
tion �nds theserepeatingpropertiesandlearnstheir varia-
tions. The resultis a setof associatedpoint cloudswhich
we refer to asgenericfeaturesor classtons.Thechoiceof
thisnameis ananalogyto Malik' s textonprototypes.
We usek-meansto associatenearbypoints and �nd the
classtonclusters. K-meansis an iterative algorithm that
convergesto a local minimum. To avoid the problemof
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Figure2: Featureextractionalgorithm.

�nding a suboptimalsolution,k-meansis performedsev-
eral times and the bestsolution in termsof overall error
is kept. We experimentedwith k in therangeof 10 to 50.
Figure1 showsexamplesof clusteringresults.Theclusters
arerepresentedasthe centerof gravity of the clusterele-
ments.The vectorialrepresentationof the gravity centers
provide the weightsof the linear combinationof the im-
pulseresponsesof theGaussianderivative receptive �elds.
This linearcombinationis only usedto visualizethemean
featureof the associatedclusterpoints. It containsno in-
formation aboutthe shapeof the point cluster in feature
space.Figure1 (a) shows theclustercentersusinga scale
normalisedfeaturespace,Figure1 (b) showsthecentersof
a featurespacewith additionaldimensionfor scale.
The classtonsare a set of descriptorsthat model the re-
peatingpropertiesof any imageclass.For anobservedim-
age,we can computeclasstonchannelsin the sameway
asMalik. In a classtonchannelthoseimagepositionsare
markedwhoseunderlyingfeatureis mappedto thepartic-
ular classtonby evaluatinga distancemeasuresuchasthe
one describedin equation2. The classtonchannelspro-
vide a partition of the image. It is thereforepossibleto
displayseveralclasstonchannelsin asingleimage(cluster
map)codedasdifferentcolors(pixelsmarkedby thesame
grey-level correspondto the sameclasstonchannel).The
mappingfrom theGaussianderivativefeatures,~mxy , to the
clustermaprepresentation,M (x; y), canbeformalisedas
follows.

M (x; y) = arg max
j =1 ;::;k

dj ( ~mxy ) (1)

where

dj ( ~mxy ) = j ~mxy � ~� j j (2)

dj ( ~mxy ) is theEuclideandistanceof themeasurementand
theclustercenter~� j of clusterCj in a Gaussianderivative
featurespacewith 0.0meanand1.0standarddeviation.
Figure2 illustratesthefeatureextractionprocess.Thetop
right graphshows the classtonchannels.Featuresassoci-
atedto the particularchannelaremarked light grey. We

observe mapswhich mark uniform regions, bar like re-
gionsor morecomplex regionssuchastheeyes. Thecor-
respondingclustersaretheclass-speci�cfeaturedetectors.
Many neighboringpixels areassignedto the samecluster
andform connectedregions. This is natural,becausethe
local neighborhoodof closepixels have a strongoverlap,
with a high probability that the imageneighborhoodsare
assignedto thesamecluster.

4 Cluster quality
Clustersaredensecollectionsof datapoints.They areuse-
ful for classi�cationbecausethey representa collectionof
highly similar features.Undertheconditionthat thetrain-
ing imagesarevisually similar, thosedenseclustersrep-
resentthe most signi�cant featuresfor the trainedimage
classandallow to learnthevariationsof thesefeatures.
Anyhow, thereis an incongruitybetweentheclustersthat
areautomaticallycomputedusingdensitycriteria andthe
featuredetectorsthat we wish to obtain. This is natural,
sincethe clusteringassociatespoints only basedon dis-
tancein featurespace. As a consequence,clustersmay
emerge that group similar featureshaving no semantic
meaning. In the following we have formalisedadditional
selectioncriteria to judgethe quality of a cluster. Appli-
cationof thesecriteriaallow to selectthefeaturedetectors
that correspondto thosefeaturesthat arefocussedby hu-
mansaccadeswhenpresentedto a faceimageasdescribed
by Yarbus[19].
In orderto judgethequalityof acluster, wediscussthefol-
lowing measures:thecompactnessandthedensityin fea-
turespaceandtheaveragesizeof theregionsin theclasston
channel(ACCS).

Compact(Ck ) =
A
V

�
Q D

i =1 � i

maxi (� i )D (3)

Density(Ck ) =
# points

A
(4)
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Figure3: (a) Classtonchannelsproducingthe largestaverage
components(ACCSmeasure).(b) The6 mostcompactclasston
channels.(c) The6 densestclasstonchannels.

(b) 15 most compact clusters(a) intersection of (b) and (c) (c) 15 largest ACCS channels

Figure 4: (a) Combinationof compactnessand image-based
measure. (b) The 15 most compactclasstonchannels. (c)
Classtonchannelswith largeACCS.

AC CS(I ) =
1
N

NX

i =1

Fi (I ) (5)

with Fi (I ) sizeof connectedcomponentin imageI . ACCS
is obtainedby averagingtheconnectedregionswithin the
training images.Compactnessis de�ned asthe ratio of a
volumeandtheenclosingsphere.In orderto computethe
compactnessof a clusterCk , we modify the geometrical
de�nition of compactnessasfollows. TheD-dimensional
volumeA of a clusteris approximatedby the productof
standarddeviation � i of its membersin eachdimension
i = 1; : : : ; D . The volumeof the enclosingsphereV is
computedasthemaximumstandarddeviationto thepower
of D . Clusterdensityis computedasaveragenumberof
pointspervolumeunit.
Thedensityof clustersdependson thetotalnumberof fea-
turepoints. For this reason,a thresholdfor reliabledetec-
tion of denseclusterscannot be found. Compactnesshas
the advantagethat it is independentfrom the numberof
features,becauseit takesinto accounttheclustershape.A
genericfeaturewith goodgeneralisationability produces
large connectedcomponentsin the classtonchannelsand
hasthereforealargeACCSmeasure.Figure3 showsanex-
ampleof compactclustersproducinglargeconnectedcom-
ponentsthatspecifyforehead,hair, eyes,nose,andmouth
region as signi�cant featuresof faces. For this reason,
ACCSis a goodmeasurefor the generalisationability of
acluster.
Examplesof classtonchannelsof the different selection
criteria areshown in Figure3. The densestclasstonsare
composedby many pointsandlittle variationsuchasthe
background.This type of classtonscanbe useful for �g-
ure groundsegmentationon uniform background.Com-

pactclustersform nearlysphericalpoint cloudsin feature
space.Typical examplesarevery distinct featuressuchas
the noseand other bar-like facial features. On the other
hand,theformof theeyeregionclusterhasamorecomplex
form in thefeaturespacedueto thecomplex appearances.
This motivatestheuseof animagebasedmeasuresuchas
ACCS.Theeyeregionis only detectedby thisimage-based
measure.A meaningfulfacial featuredetectoris therefore
characterisedby high compactnessand large ACCS.The
combinationof connectedandcompactclustersis shown
in Figure4.

5 Modeling spatial relations
The genericfeatureshave the property that they can be
computedat any imageposition. They do not containany
notion of image position. The genericfeaturesare de-
tectedrobustly to intra-classvariability becauseclustering
is a meansto learn this variability from examples. They
provide the local measurementsneededfor a higherlevel
recognitionprocess. Due to their locality, they respond
to clutteredbackground.By taking into accountthe spa-
tial relationsbetweenfeatures,facescanbe detectedreli-
ablydespitebackgroundclutter. In thissectionwepropose
anautomaticmodelgenerationthat learnsspatialrelations
of genericfeatures.This model is inspiredby Belongie's
shapecontext [1].

5.1 Log-polar histograms
A log-polar histogramhasbins that are uniform in log-
polarspace.Thiscorrespondsto a linearly increasingposi-
tionaluncertaintywith distancefrom thereferenceposition
~p = (x0; y0)T . Thismeansthatthedescriptoris moresen-
sitiveto measurementsatnearbypositionsthantomeasure-
mentsat imagepositionsfartheraway. Thismakesthelog-
polardescriptionappropriatefor applicationswheretheob-
ject undergoesaf�ne transformations.It is appropriatefor
thedescriptionof faceimagesandothernon-rigidobjects,
thatoftenhavesmalldeformations.
The computationof the log-polar representationis per-
formed in two steps. First, the region aroundthe query
position~pi is transformedinto polarandthenlog-polarrep-
resentationaccordingto:

� =
p

x2 + y2; � = tan � 1
�

x
y

�
(6)

� = log2(� ); 
 =
Na

2�
� (7)

with (x; y) = (x0 + � x; y0 + � y) Cartesiancoordinates,
(�; � ) polarcoordinates,Na angularresolutionand(�; 
 )
log-polarcoordinates.
The polar representationcontainsthe pixel valuesof the
transformedoriginal image. The so obtainedpolar image
is thensampleduniformly in log spaceaccordingto Equa-
tion (7) in orderto �ll thehistogram.Eachhistogramcell
containstheratioof thesurfacecoveredby thequerypixel
andthetotalsurfaceof thehistogrambin. Theconstruction
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Figure 5: (a) Imagein Cartesiancoordinateswith query
point. The rangeof the log-polarhistogramis marked by
thelargecircle. (b) Image(a) transformedto polarcoordi-
nates.

of thelog-polarhistogramis illustratedin Figure5. A fast
implementationusesa lookup tableof the direct transfor-
mation.

5.2 Learning the spatial relations
Applying asetof k highqualityclusters,animageis trans-
formedto k binary images,theclasstonchannels.This is
an enormousdatareduction,but it preservesthe type and
thepositionof the local imagefeature.This is exactly the
informationneededfor detection. The classtonchannels
servesasinput for the log-polarhistogram.The log-polar
histogrammeasuresthe relative positionsof the detected
classtonregionsandprovidesa signatureof thespatialre-
lationswithin aparticularrange.
For learningthe spatialrelationsof the target object, the
userselectsareferencepositionwithin asetof trainingim-
ages. This is the only userinteractionrequiredfor train-
ing. A modelhistogramis constructedastheaveragelog-
polarhistogramof thetraininghistogramsextractedat the
referenceposition. In the faceimageexample,we choose
thecenterbetweentheeyesasreferencepositionandcom-
putedthe averagemodel histogramfrom 10 training im-
ages.
For measuringthesimilarity betweenany queryhistogram
Q andthe modelhistogramH we usethe � 2 divergence
measure.

� 2(H ; Q) =
X

i

(qi � hi )2

qi + hi
(8)

wherehi is thecontentof bin i of modelhistogramH . If
thedivergenceis suf�ciently small, the faceis detectedat
thecurrentposition.Suchdetectionsaremarkedascircles
in theFigures6 to 10.
Thesamplingin log distancefrom thereferencepointpro-
videsincreasingrobustnessin positionwith increasingdis-
tancefrom the referencepoint. Scaleand posechanges
or facial expressionstypically producevariationsin posi-
tion of facial featureswhich is compensatedby log-polar
sampling. An exampleis shown in Figure6. The robust
modelingis themajoradvantageof thelog-polarhistogram

approachoverotherdirectmodelingmethodssuchascarte-
sianhistogramsor learningthe spatialrelationof a setof
facial featurepointsasdescribedby Wiskott [16] that re-
quiresthepreciseextractionof eyes,noseandmouthcor-
ners.

6 Experiments
6.1 The Databases
We use two public face databases, the AR face
database[10] andthe Caltechfacedatabase1. Additional
experimentsareperformedon homemadedigital images
of our researchgroup.Theimagesof theAR facedatabase
have a resolutionof 256� 192, andcontaina large num-
ber of individuals, men and women from different eth-
nic groups,with and without glasses,different hairstyle
or beard. The imagesshow different facial expressions,
lighting changesandocclusions.To demonstratethe per-
formanceof our methodon imageswith clutteredback-
ground,we usethe Caltechfacedatabasethat consistsof
435imagesof 30 individualswith variousbackground,in-
door and outdoorillumination. Someimagesare under-
exposed.The imagesarerescaledsuchthat the headsize
approximatelycorrespondsto theheadsizeof theAR face
database.

6.2 Robustnessof genericfeature detectors
For constructingthegenericfacialfeaturedetectors,weuse
the�rst 15neutralfacesof menfrom theAR facedatabase.
We usesegmentationmapsto focuson theobjectfeatures
andspeedupthelearningprocess.Thesegmentationmaps
are not usedfor testing. From the 37 k-meansdetectors
we selectthe 5 classtonsthat scorehighestaccordingto
ACCSandcompactness.Thosedetectorsform 5 classton
channelsthat arecombinedinto a singleclustermaprep-
resentationaccordingto equation1, whereeachchannels
is markedby adifferentgrey value(blackmeansthatnone
of the 5 classtonfeatureshasbeendetected).Figure7 il-
lustratestheresponsesof thedifferentdetectorsto faceson
clutteredbackground.We observe only few falsepositive
detectionsdueto backgroundclutter.
Among the 5 channels,we obtaina detectorfor left side
of forehead,cheekandchin, a secondsymmetricdetector
for the right sideof forehead,cheekandchin. A detector
for theregionsbetweentheeyesandcenterpartof thechin
andforehead.A detectorfor eyes, that respondsalsofor
themouthregion. The lastdetectoris sensitive to bar like
structuresasthenose.
Figure8 shows the resultsof robustnessto signi�cant il-
luminationchanges.It canbe observed, that somefacial
featuresarestableeven in imageswith signi�cant illumi-
nationchanges,andothersarenot.
Typically, classtonsthat mark facial featureswith signif-
icant local structuresuchas the eyes, and mouth region
arestableunderchanginglighting conditions.Thosefea-

1availableathttp://www.vision.caltech.edu/html-�les/archive.html



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

Figure6: Detectionresultsfor arti�cially scaledimages.Thedetectionapproachis robust to limited scalechangesdueto the�e xibility
introducedby thelog-polarhistogram.

Figure8: Classtonchannelsof imagesundersigni�cant illumination changes.The classtonsareobtainedfrom 15 frontal facesunder
uniform lighting suchasthe imagein the top row. The facial featuresaredetectedreliably. Facedetectionis successfulin imageswith
variousfacialexpressions,strongillumination,andocclusions.It fails in caseswith combinedstrongilluminationandocclusions.



Figure7: Classtonchannelsof individualsotherthanthe15neu-
tral male training faces. All facesare reliably detectedusinga
log-polarhistogram,insertionsdueto backgroundclutterarerare.

ture that display little local structuresuchas the cheeks,
noseandforeheadaremuchmoresensitive to illumination
changes.In otherwords,complex featuresaresuf�ciently
outstanding,suchthat a changein illumination doesless
disturbthematching.

6.3 Facedetection
Theclasstonchannelsof the5 highqualityclustersserveas
inputfor thefacedetectionsystem.Facesshow aconsistent
spatialpatternwithin thefaceregion. Thisspatialpatternis
modelledby thelog-polarhistogram.As thefeatureextrac-
tion by classtonchannelsis robustto illuminationchanges,
headposeorientation,smallchangesin headsize,andgen-
der, sois themodelingby log-polarhistogram.In addition,
thesamplingin log-polarspaceintroducesa robustnessto
positionof thefacialfeaturesthatis requiredfor successful
facedetectionrobustto facialexpressions.
For localisation,thequeryimageis rasterscannedwith step
size 4 pixels. At eachgrid nodethe correspondinglog-
polarhistogramis extractedandthedivergencemeasureof
thisqueryhistogramandthemodelhistogramis computed.
If thedivergencemeasureis below a threshold,adetection
is registered.Suchasuccessfuldetectionis visualisedby a
circle in theoriginal image.Theradiusof thecircle corre-
spondsto therangeof thelog-polarhistogram.
In order to show the stability of our approachto images
with clutteredbackgroundanddifferentillumination con-
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Figure9: Evaluationof the facedetectionon the Caltechface
database.

ditions,wehaveperformeda facedetectionexperimenton
the Caltechfacedatabaseon 435 images. Examplesare
shown in Figure7. A detectionsystemis commonlychar-
acterisedby two values: how many objectsare detected
(recall)andhow many of thedetectionsarecorrect(preci-
sion).

Recall=
# correctpositives

Total# positivesin dataset
(9)

Precision=
# correctpositives

# correctpositives+ # falsepositives
(10)

Thedetectionresultscanbedisplayedasaprecisionrecall
curvewhereaparameter, in thiscasethemaximumcost,is
variedto obtainseveralvalueson thecurve. A gooddetec-
tor hashigh recallandhigh precision.Figure9 shows the
precisionrecallcurvefor theCaltechfacedatabase.Weob-
tainarecallof 97.7%(425outof 435imagesaredetected).
Figure6 shows the robustnessto scalevariationswithout
explicitly compensatingfor scalechanges.Our approach
canbemadescaleinvariantby a smallnumberof modi�-
cations(extractionof theraw Gaussianderivative features
andadaptionof thehistogramrange).Thesemodi�cations
arenot yet implemented,the robustnessis achieved only
by the�e xibility of thelog-polarrepresentation.
We performa facedetectionexperimentfor imagesfrom
theAR facedatabaseshowing otherindividualsthanthose
usedfor training. We obtainedfollowing detectionrates
for a set of 444 images(Table 1). We provide only re-
call ratesbecausethe precisionis not interestingfor im-
ageswith uniformbackground.The�rst columnshowsthe
detectionratefor Cartesianhistogramsthatareinferior to
thedetectionratesof thelog-polarhistograms.In all cases
the divergencemeasureof Cartesianhistogramsis higher
thanthedivergencemeasureof log-polarhistograms.Both
factsmotivatethemodelingof spatialrelationsin log-polar
space.Wehaveverygooddetectionresultsfor differentfa-
cial expressions,differentillumination or occlusions.The
mostdetectionerrorsoccurfor combinedocclusionandil-
luminationchanges.
Figure8 shows therobustnessto illumination changesand
occlusions.Detectionfails in caseswheresigni�cant fea-
turessuchasthenoseor themouthregionarenotdetected



Detectionrate Cartesian Log-polar
using histograms histograms
Expressions 98.8% 99.3%
Illumination 91.4% 97.8%
ORocclusion
Illumination 54.0% 69.4%
AND occlusion
Total 84.5% 91.2%

Table1: Facedetectionratefor AR faceimagesunderdif-
ferentconditions.We have very gooddetectionresultsfor
differentfacialexpressions,differentilluminationor occlu-
sions. The mostdetectionerrorsoccur for combinedoc-
clusionand illumination changes.The precisionis high,
becausetheimageshaveuniformbackground.

by thecorrespondingclasston.This is thecasein occluded
imagesor in imageswith extremelighting conditions. In
caseswherea high numberor the facial featuresarede-
tected,the divergencemeasureallows a successfuldetec-
tion.
Thelog-polarimplementationallowsthemodellingof spa-
tial relationsthat is suf�ciently discriminantto avoid false
detectionsandis generalenoughto avoid over-�tting. In
theexampleof unconstrainedimagesin Figure10all faces
are correctly detected. The large amountof falsedetec-
tions by thegenericdetectorsall over thebackgroundare
successfullydiscardedby thespatialrelationconstraintim-
posedby thelog-polarhistogram.This is a convincing re-
sultconsideringthevariationsin scale,headposeandlight-
ing.

7 Conclusions
In thisarticle,weproposeanapproachfor learningof local
coef�cients for the constructionof detectorsfor common
featuresof a visualclass. In orderto obtainrobustnessto
illumination changes,the featuredetectorsare computed
from luminanceimages,since the luminancechannelis
lessaffectedby illuminationchangesthanthechrominance
channels. In order to obtainautomaticallythoseclusters
thatcorrespondto meaningfulfeatures,wedevelopamea-
sureto judgethe quality of eachcluster. For our training
imagesof theAR facedatabase,theapplicationof thequal-
ity measureselectsfacialfeaturedetectorsthatcorrespond
to thosefeaturesthatarepreferredby humans,asobserved
in psychophysicalexperiments.
Thelocal facialfeaturesaredetectedrobustly to intra-class
variability andserveasinput to amodulethatmeasuresthe
spatialrelations.Usinga log-polarhistogram,theobtained
model is suf�ciently discriminantto provide reliableface
detection.Facedetectionfails only in caseswhereimpor-
tantfeaturesaremissedby thedetectors.
In the experimentswe demonstratethe stability of the fa-
cial featuredetectorswith respectto personidentity, light-
ing changes,different facial expressions,occlusionsand

Figure10: Classtonchannelsof unconstrainedimage.Thetrain-
ing is performedonfrontal facesfrom theAR database.Detected
facesmarkedby circlesarecharacterisedby thecombinedoccur-
renceof facialfeatures.No falsedetectionsareobserved.



clutteredbackground.Thedetectorsgeneralisewell to un-
known faces,andare robust to genderand facial expres-
sions.Thecombinationof strongsideilluminationandoc-
clusiondisturbsthecharacteristicfacepatternwhich make
detectionmoredif�cult. Reliablefacedetectionis possible
on imageswith clutteredbackgroundandsmallchangesin
headsize becausethe log-polar histogramrepresentation
allows to be insensitive to facial featuredetectionsin the
backgroundby takinginto accountthespatialrelations.
Theseresultsarea steptowardsthe constructionof a ro-
bust recognitionsystemthat canlearnandmodelany vi-
sualimageclass.Thelog-polarhistogramapproachis one
possibilityamongothersto learnspatialrelations.Thead-
vantagesareclear. Themodelingavoidsoneto onematch-
ing, providessuf�cient discriminancefor reliablerecogni-
tion andat the sametime is robust to positionchangesof
distantfeaturepoints.Furthermore,it is a straightforward
approachthatrequireslittle supervision.
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burg. FaceRecognition by ElasticBunch GraphMatching,
chapter11, pages355–396. Intelligent Biometric Tech-
niquesin Fingerprint and Face Recognition.CRC Press,
1999.

[17] J. Yang and A. Waibel. A real-time face tracker. In
WorkshopApplicationsof ComputerVision, pages142–147,
1996.

[18] M.-H. Yang,D.J.Kriegman,andN. Ahuja. Detectingfaces
in images:A survey. IEEETransactionsonPatternAnalysis
andMachineIntelligence, 24(1):34–58,January2002.

[19] A.L. Yarbus. EyeMovements. PlenumPress,1967.

[20] S.-C. Zhu, C. Guo, Y. Wu, and Y. Wang. What are tex-
tons? In EuropeanConferenceon ComputerVision, pages
IV 793–807,2002.


