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Abstract

This paperpresentsa systematicanalysisof Gabor fil-
ter banks for detectionof facial landmarks(pupils and
philtrum). Sensitivityis assessedusing the ��� statistic, a
non-parametricestimateof sensitivityindependentof bias
commonlyusedin the psychophysicalliterature. We find
that currentGaborfilter banksystemsare overly complex.
Performancecanbegreatlyimprovedbyreducingthenum-
ber of frequencyand orientationcomponentsin thesesys-
tems. With a single frequencyband, we obtainedperfor-
mancessignificantlybetterthanthoseachievablewith cur-
rent systemsthat usemultiple frequencybands. Bestper-
formancefor pupil detectionwasobtainedwith filter banks
peakingat 4 iris widthsper cycleand8 orientations.Best
performancefor philtrum locationwasachievedwith filter
bankswith 5.5iris widthsper circle and8 orientations.

Gaborfilter banks[4] are reasonablemodelsof visual
processingin primaryvisualcortex [5, 3] andareoneof the
most successfulapproachesfor processingimagesof the
humanface[6, 1, 2, 8]. The successof the approachpar-
allels the successof bandpassfilter banks,which approx-
imatesignalprocessingin the cochlea,in speechrecogni-
tion problems.While theoptimalfilter bankcharacteristics
have beenextensively studiedin thespeechrecognitionlit-
erature,little work hasbeendoneto systematicallyexplore
which frequency andorientationbandsareoptimal for face
processingapplications.Thegoalof thispaperis to startad-
dressingthis gapin theliterature.To evaluateperformance
of the differentfilter bankapproaches,we usea standard
recognitionengine(nearestneighbor)andmeasuresensitiv-
ity usingthe ��� statistic.This is a non-parametricmeasure
of sensitivity commonlyusedin the psychophisicallitera-
ture.

1 Gabor Filters

In thespacedomain,the impulseresponseof Gaborfil-
tersis a Gaussiankernelmodulatedby a sinusoidalplane-
wave �
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Theparameters
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and
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definethespatialfrequency of the
sinusoidal,in Cartesiancoordinates.This spatialfrequency
canalsobeexpressedin polarcoordinatesasmagnitude4 .
anddirection 5 . . The function
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is the peakof the function,
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arescaling
parameters,andthe J subscriptstandsfor a rotationopera-
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The2-D Fourier transformof theGaborfunction is asfol-
lows(seeFigure4)Y�
	�-Z
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Or in polarcoordinates,

Magnitude
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Thus,in the frequency domain,the impulseresponseis an
orientedGaussiancenteredat the frequency of the carrier.
Theiso-magnitudecontoursareellipsoidal.It is convenient
to characterizethe impulseresponsevia its half-magnitude
contours.This requires6 parameters(seeFigure1):` 4 . and 5 . , the polar coordinatesof the peakof the

envelope.` O is theangleof rotationof theenvelope.` ? and
E

are 1.06 times the lengthsof the axis of the
half-magnitudeellipse.` O is theangleof theaxiscontrolledby theparameter

?
.

Gaborfilters aregoodmodelsof the receptive fields found
in simplecells of cat andmacaquestriatecortex. The fol-
lowingconstraintsonthe6 parametersareknown to hold,to
afirst approximation,in striatecortex [5, 3]: (1)

O�� 5 . ; (2)
The half-magnitudespatial frequency bandwidthis about
1.4 octaves;(3) Thehalf-magnitudeorientationbandwidth
is about40degrees.Fromtheseconstraintsit canbederived
that

?
is aboutaCb c�d�e64 . and

E
is about

?�f<g b ),h . Usingthese
constraints,we are left with two parametersto vary inde-
pendently:thefrequency 4 . of thecarrierplanewave,and
orientationof the carrierwave andenvelope 5 . Figures4
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and5 show examplesof differentGaborkernelsthatadhere
to thebiologicalconstraints.SinceGaborswaveletsarelo-
calizedin thefrequency domain(they arebandpassfilters)a
searchfor optimalGaborparameterscanbeinterpretedasa
searchfor spatialfrequency regionsthatprovidethegreatest
informationfor thetaskathand.
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We usedthe FERETfacedatabase[7], a setof images
collectedby theUS Army ResearchLaboratoryto develop,
test, and evaluateface recognitionalgorithms. A set of
446 frontal view imageswasrandomlyselectedfrom this
databaseandlabeledby handto locatekey features.In our
experimentswe usedpupilsandphiltrum asthefeaturesof
interest.

2 Experimental Design

We randomlychosefrom eachimagethreepointsfrom
eachof the features.Thesepointscould deviate from the
centerof the featureby a distanceno lessthanthe typical
radiusof aniris. For eachimagewealsoselectedthreenon-
featurepoints.Thelocationof thesepointsvariedrandomly
from imageto image. Thusfor eachtestroundtherewere
4284testlocationsfor featuresandnon-featuresacrossall
testimages.(SeeFigure6).

To evaluateperformanceof thedifferentimageprocess-
ing approacheswe useda nearestneighborrecognitionen-
gine: (1) We convolved the imagewith a bank of Gabor
filters; (2) Westoredasetof examplesof filter bankoutputs
at thedesiredfiducial points;(3) Whendetectingwhethera
pixel in a new imagecontainsa desiredfiducial point, we
computedtheEuclideandistancefrom theoutputof thefil-
terbankat thatpixel andtheoutputin thetrainingdatabase
thatit is closestto (SeeFigure7). A pointwasrecognizedas
containinga featureif its similarity valueis below acertain
thresholdÁ .

Each featuredetectorwas testedon all test locations,
both featuresandnon-features. µ 	 detect Â featureabsent

�
and µ 	 detect Â featurepresent

�
werethencalculatedbased

on thetotalnumberof testlocationsfor featureversusnon-
feature.

We measuredperformanceof eachfeaturedetectorus-
ing standardROC curves. For eachvalue of the thresh-
old parameterwe plot µ 	 detectfeature Â featureabsent

�
vs.µ 	 detectfeatureÂ featurepresent

�
. TheareaundertheROC

curve is called ��� andis a non-parametricmeasureof sen-
sitivity commonlyusedin thepsychophysicalliterature. It
canbe shown that ��� representsthe optimal performance

i(j k[lCm{n"Ã�r6i<|<mAn�t����"xyn�zGx^m�lC� ² t��<n�±Ä�Ct�xGt���t�zGn|<}6xynuzGx���|��Ht�x$j�|(�<z�j z���m{n�t�xyn����u�3zGn���n��,x$j���kWx;�Cm{nun�[|Cj��<xyz�}om�|(vÅn�t<����}{n�t�x;l�mon ² ����l�z°t�zGnux·|<}>mot����C|[v��|��Ht�xGj�|(�<zAn<� zGnu±��<n<m{n­j��Fx;�<n_j�v]t�k�nCr­�°�<nuzGn_mot��<��C|(vÅ��|��Ht�x$j�|(�<z´Æ�t�m{�U}�mo|(vÅj�v]t�kCnUxG|�j�v]t�k�nCr~���Cl�z}{|<m°n�t<���qxynuzGxXm�lC�^x;�<n^�Cj x6t����q}ot�� zGn�t���tum�vÇm�t�xyn�z|<}�x;�<n�zG��zGx�n�vÈ±´n<m{n�n�zGxGjSvAt�xyn��¯t�z6t�}�l(���,x$j�|(��|<}x$��n]x;��monuz/��|(��� Á ��t�zGn��q|(��¶C�C®�¶�xG|�xGt<�[xyn�zGx�z,r

i(j k[lCm{nTÉ�r1�°�<nK��mo|��,nuzGz­|�}BvAt�xG����jS�<kª}{n�t�x;l�m{n�z,ri(j�m{zGx ² t�}{n�t�x;l�m{nqj zX�H|(��Æ�|C��Æun��^±°j�x$�^t�zGn�x6|<}��Pn�m*��<n���zwxy|­v]t��PnqtXÊ�nux�Ë�t�ÌPr�����n<�Bx;��t�x~Ê�nuxAj zw�H|(vw���tum{n��B±°j x;�qt��H|C����n��,x$j�|(�q|<}�Ê�nuxyz�xGt��Pn���}�mo|(vÍ��m{nH�Æ�j�|(l�z�j�vAt�k�n�z ² t����³x;�<n­z;j�v]j���tum�j x��_Æ�t���l�n3}{|<m1x;�<n�u��|�zGn�zGx·|[�<n�j z�xGt��In<�¯Ëy�CÌPr

achievable by a detectoron a 2-alternative forced choice
task. Thusan ��� of 0.5 representszerosensitivity, andan��� of 1.0 is perfectsensitivity (seeFigure8).

We systematicallytestedGaborfilter bankswith differ-
entpeakfrequenciesandnumberof orientationbands.We
varied 4 . from 2 pixels/cycle to 50pixels/cycle( about6 to
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.12cyclesperiris width), andvariedthenumberof orienta-
tionsfrom 1 to 12,evenlydistributed,startingat

O6� a . This
madea total of 576 different combinationsof frequency
vs. numberof orientations.For eachrun, we testedgener-
alizationperformanceusinga standardcross-validationap-
proach,trainingon357images,testingon theremaining89
imagesandrepeatingtheprocedure5 differenttimes,each
timeusingdifferenttrainingandgeneralizationsets.

3 Results

Peakperformancewasobtainedusingeightorientations
andcarriersof 32 pixels/cycle (about4 iris widths per cy-
cle) for pupilsand44pixels/cycle(about5.5iris widthsper

cycle) for philtrum. The best ��� s were0.8781and0.8664
respectively (seeFigure8). This performancewassignifi-
cantlybetterthanthatobtainedusingthesetof Gaborsused
in [8, 1] whichhadin theorderof 10frequency bandsand8
orientations.WhenweusedtheGaborfilter bankdescribed
in [8], the ��� wasonly 0.6141for eyedetection.

We found that asthe peakfrequency decreases,the op-
timal numberof orientationsalso increases.For high fre-
quency Gabors,the optimal numberof orientationswas
two. As the carrier frequency was reduced,the optimal
numberof orientationsincreasedto 8 (SeeTables1 and2).

pix/cyc 6 10 18 22 28 38 44��� .7038 .7607 .8604 .8536 .8603 .8767 .8955
# orient 2 2 2 8 8 8 8��t�����n^p(r Ô nuzGx ��� }{|<m>zGn�Æun<mot��
nu��t�v��C� n��H|[v��Cj���t��xGj�|(�<zw|<}U�ClCv��(n�m�|<}·|�m�j�n<�<xGt�x$j�|(��z1t����B}�m{n � l<n����,�}{|<m��(lC��j�����nuxyn��,x$j�|(�

pix/cyc 6 14 22 28 34 38 44��� .5332 .7794 .8615 .8650 .8781 .8734 .8664
# orient 2 2 2 2 8 8 8��t�����n��
r Ô nuzGx ��� }{|<m>zGn�Æun<mot��
nu��t�v��C� n��H|[v��Cj���t��xGj�|(�<zw|<}U�ClCv��(n�m�|<}·|�m�j�n<�<xGt�x$j�|(��z1t����B}�m{n � l<n����,�}{|<m��(��j�� x$m�l(vÖ��n�xyn��,x$j�|(�

4 Conclusions

While Gaborfilter banksareanincreasinglypopularim-
ageprocessingtechniquefor faceprocessingtasks, little
work hasbeendoneto identify which frequency andorien-
tationbandsareresponsiblefor thesuccessof theapproach.
Our resultsshow thatwhenthe taskat handis locatingfa-
cial landmarks,oneof the first stagesin most facerecog-
nition systems,currentfilter banksspecificationsmay be
sub-optimalandoverly complex. Bestperformancemaybe
achievedby concentratinga largenumberof orientations(8
orientationbands)on very low frequency carriers(spatial
frequenciesin the orderof 5 to 8 iris widths percycle). It
shouldbe notedthat our resultsarespecificto the taskof
locatingfeaturesindependentof thesubject’s identity. It is
likely that if the task at handis subjectidentificationthe
optimal frequency bandsmaybedifferent. However, most
faceidentificationsystemstendto usethesamefilter bank
architecturefor featurelocationandfacerecognition. Our
resultssuggestthatbetterresultsmaybeobtainedin thefea-
turefindingstageby usingonly afew filtersin thelowerend
of thefrequency spectrum.
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