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Abstract

This paper presentsa systematia@nalysisof Gabor fil-
ter banksfor detectionof facial landmarks (pupils and
philtrum). Sensitivityis assessedisingthe A’ statistic,a
non-pammetricestimateof sensitivityindependenbf bias
commonlyusedin the psydophysicalliterature. We find
that current Gabor filter banksystemsre overly complex.
Performancecanbe greatlyimprovedby reducingthe num-
ber of frequencyand orientationcomponentén thesesys-
tems. With a single frequencyband, we obtainedperfor-
mancessignificantlybetterthanthoseachievablewith cur-
rent systemghat use multiple frequencybands. Bestper
formancefor pupil detectionwasobtainedwith filter banks
peakingat 4 iris widthsper cycleand 8 orientations. Best
performanceor philtrum locationwasachievedwith filter
bankswith 5.5iris widthsper circle and8 orientations.

Gaborfilter banks[4] are reasonablenodelsof visual
processingn primaryvisualcortex [5, 3] andareoneof the
most successfubpproachedor processingmagesof the
humanfacel6, 1, 2, 8]. The succesof the approachpar
allels the succesof bandpasdilter banks,which approx-
imate signal processingn the cochlea,in speectrecogni-
tion problems.While the optimalfilter bankcharacteristics
have beenextensiely studiedin the speectrecognitionlit-
eratureJittle work hasbeendoneto systematicallyexplore
which frequeny andorientationbandsareoptimal for face
processin@pplicationsThegoalof this papelis to startad-
dressinghis gapin theliterature. To evaluateperformance
of the differentfilter bank approacheswe usea standard
recognitionengine(nearesheighborjandmeasureensitv-
ity usingthe A’ statistic. Thisis a non-parametrieneasure
of sensitvity commonlyusedin the psychophisicalitera-
ture.

1 Gabor Filters

In the spacedomain,the impulseresponsef Gaborfil-
tersis a Gaussiarkernelmodulatedby a sinusoidalplane-
wave

9(z,y) = s(z,y)w(z,y) @)
wheres(z, y) isacomple sinusoidalknown asthecarrier,
s(x,y) = exp(—j(2m(uoz + voy))) )

Theparameters, andvg definethespatialfrequeng of the
sinusoidaljn CartesiarcoordinatesThis spatialfrequeng
canalsobe expressedn polarcoordinatesasmagnitudeFy
anddirectionwg. Thefunctionw(z,y) is a 2-D Gaussian-
shapedunction,known asthe ervelope

w(z,y) = K exp(=m(a*(z — z0)7 +b°(y = %0)7)) (3)
where(zo, yo) is the peakof the function, a, b arescaling
parametersandther subscriptstandgor arotationopera-
tion

(x —x0)r = (& — o) cos 0+ (y —yo) sinf  (4)
and
(y—yo)r = —(z — o) sin 6+ (y — yo) cosd  (5)

The 2-D Fouriertransformof the Gaborfunctionis asfol-
lows (seeFigure4)
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Orin polarcoordinates,
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Phaséj(u,v)) = 27 (zor u + Yor v)) (8)

Thus,in the frequeny domain,the impulseresponseés an
orientedGaussiarcenteredat the frequeng of the carrier
Theiso-magnitudeontoursareellipsoidal. It is corvenient
to characterizéheimpulseresponseia its half-magnitude
contours.Thisrequiress parametergseeFigurel1):

e Fy andwy, the polar coordinatesof the peakof the
ernvelope.

e ¢ istheangleof rotationof theernvelope.

e ¢ andb are 1.06 timesthe lengthsof the axis of the
half-magnitudeellipse.

¢ @ istheangleof theaxiscontrolledby theparameteu.

Gaborfilters aregoodmodelsof the receptve fields found
in simplecells of catandmacaquestriatecortex. Thefol-
lowing constraint®nthe6 parameterareknown to hold, to
afirstapproximationin striatecortex [5, 3]: (1) 8 = wyo; (2)
The half-magnitudespatial frequengy bandwidthis about
1.4 octaves; (3) The half-magnitudeorientationbandwidth
is about40 degrees Fromtheseconstraintst canbederived
thata is about0.95 x F andb is abouta/1.24. Usingthese
constraintswe are left with two parametergo vary inde-
pendently:thefrequeng Fy of the carrierplanewave, and
orientationof the carrierwave andervelopew. Figures4
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Figure 1. Parameters of the Gabor filter as re-
flected in the half-magnitude elliptic profile.

and5 shov examplesof differentGaborkernelsthatadhere
to the biological constraints SinceGaborswaveletsarelo-
calizedin thefrequeny domain(they arebandpas§ilters)a
searchor optimal Gaborparametersanbeinterpretedasa
searctfor spatialfrequeng regionsthatprovidethegreatest
informationfor thetaskat hand.

Figure 2. The Fourier transform of the Gabor
filter. The peak response is at the spatial fre-
quency of the complex sinusoidal: ©v = v =
80 pizels/cycle.

Figure 3. The real and imaginary parts of a
complex Gabor. The images are 128x128 pix-
els. The parameters are as follows: z, = yy =
0, a = 50 pixels, b = 40 pixels, § = —45 degrees,
ug = vo = 80 pizels/cycle, P =0 degrees.

Figure 4. Gabor kernels at 4 orientations and 4
frequencies in frequency domain.



Figure 5. The corresponding Gabor kernels at 4
orientations and 4 frequencies in space domain.

1.1 Database

We usedthe FERET facedatabasg7], a setof images
collectedby theUS Army Research.aboratoryto develop,
test, and evaluateface recognitionalgorithms. A set of
446 frontal view imageswas randomlyselectedrom this
databasandlabeledby handto locatekey features.In our
experimentave usedpupils andphiltrum asthe featureof
interest.

2 Experimental Design

We randomlychosefrom eachimagethreepointsfrom
eachof the features. Thesepoints could deviate from the
centerof the featureby a distanceno lessthanthe typical
radiusof aniris. For eachimagewe alsoselectedhreenon-
featurepoints. Thelocationof thesepointsvariedrandomly
from imageto image. Thusfor eachtestroundtherewere
4284testlocationsfor featuresand non-featurescrossall
testimages.(SeeFigure6).

To evaluateperformanceof the differentimageprocess-
ing approachesve useda nearesneighborrecognitionen-
gine: (1) We corvolved the imagewith a bank of Gabor
filters; (2) We storeda setof exampleof filter bankoutputs
atthedesiredfiducial points;(3) Whendetectingwvhethera
pixel in a new imagecontainsa desiredfiducial point, we
computedhe Euclideandistancefrom the outputof thefil-
ter bankatthatpixel andthe outputin thetrainingdatabase
thatit is closesto (SeeFigure7). A pointwasrecognizeds
containinga featureif its similarity valueis below a certain
thresholds.

Eachfeature detectorwas testedon all testlocations,
both featuresand non-features. P(detect| featureabsent
and P(detect| featurepresent werethencalculatedbased
onthetotal numberof testlocationsfor featureversusnon-
feature.

We measuregperformanceof eachfeaturedetectorus-
ing standardROC curves. For eachvalue of the thresh-
old parametewe plot P(detectfeature| featureabsent vs.
P(detectfeature| featurepresen). Theareaunderthe ROC
curveis called A’ andis a non-parametrieneasuref sen-
sitivity commonlyusedin the psychophysicaliterature. It
canbe shavn that A’ representshe optimal performance

Figure 6. For each test run, a new database
of test locations is created by selecting three
points from each feature, plus a set of random
locations elsewhere in the image. These ran-
dom locations vary from image to image. Thus
for each test run the hit and false alarm rates
of the system were estimated as a function of
the threshold x based on 4284 total tests.

Figure 7. The process of matching features.
First, a feature is convolved with a set of ker-
nels to make a jet (a). Then that jet is com-
pared with a collection of jets taken from pre-
vious images, and the similarity value for the
closest one is taken (b).

achiezable by a detectoron a 2-alternatve forced choice
task. Thusan A’ of 0.5 representzerosensitvity, andan
A’ of 1.0is perfectsensitvity (seeFigure8).

We systematicallytestedGaborfilter bankswith differ-
entpeakfrequencieandnumberof orientationbands.We
varied Fy from 2 pixels/g/cle to 50 pixels/g/cle (about6 to
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Figure 8. Top: ROC curve for best performing
pupil detector (34 pixels/cycle, 8 orientations,
A’ = .8781). Bottom: ROC curve for best per-
forming philtrum detector (44 pixels/cycle, 8
orientations, A’ = .8955).

.12 cyclesperiris width), andvariedthenumberof orienta-
tionsfrom 1to 12, evenlydistributed,startingatd = 0. This
madea total of 576 different combinationsof frequeng
vs. numberof orientations.For eachrun, we testedgener
alizationperformanceusinga standardcross-alidationap-
proachtrainingon 357imagestestingon theremaining89
imagesandrepeatinghe procedurés differenttimes,each
time usingdifferenttrainingandgeneralizatiorsets.

3 Resaults

Peakperformancevasobtainedusingeightorientations
andcarriersof 32 pixels/g/cle (about4 iris widths per cy-
cle)for pupilsand44 pixels/g/cle (about5.5iris widthsper

cycle) for philtrum. ThebestA’s were0.8781and0.8664
respectiely (seeFigure8). This performancevas signifi-
cantlybetterthanthatobtainedusingthe setof Gaboraused
in [8, 1] whichhadin theorderof 10frequeng bandsand8
orientations Whenwe usedthe Gaborfilter bankdescribed
in [8], the A’ wasonly 0.6141for eye detection.

We foundthat asthe peakfrequeny decreaseshe op-
timal numberof orientationsalsoincreases.For high fre-
gueny Gabors,the optimal number of orientationswas
two. As the carrier frequengy was reduced,the optimal
numberof orientationdncreasedo 8 (SeeTablesl and?).

[pixicyc|] 6 [ 10 [ 18 | 22 | 28 | 38 | 44 |
A .7038| .7607 | .8604 | .8536| .8603 | .8767 | .8955
# orient 2 2 2 8 8 8 8
Table 1. Best A’ for several example combina-
tions of number of orientations and frequency
for pupil detection
[pixicyc| 6 [ 14 [ 22 | 28 | 34 | 38 | 44 |
A .5332| .7794 | .8615| .8650| .8781| .8734 | .8664
# orient 2 2 2 2 8 8 8

Table 2. Best A’ for several example combina-
tions of number of orientations and frequency
for philtrum detection

4 Conclusions

While Gaborfilter banksareanincreasinglypopularim-
age processingtechniquefor face processingtasks, little
work hasbeendoneto identify which frequeng andorien-
tationbandsareresponsibldor thesucces®f theapproach.
Our resultsshowv thatwhenthe taskat handis locatingfa-
cial landmarks,one of the first stagesn mostfacerecog-
nition systems,currentfilter banksspecificationsmay be
sub-optimakndoverly complex. Bestperformancenaybe
achievedby concentrating large numberof orientationg8
orientationbands)on very low frequeng carriers(spatial
frequenciesn the orderof 5 to 8 iris widths percycle). It
shouldbe notedthat our resultsare specificto the task of
locatingfeaturesndependenbf the subjects identity. It is
likely thatif the task at handis subjectidentificationthe
optimal frequeng bandsmay be different. However, most
faceidentificationsystemdendto usethe samefilter bank
architecturefor featurelocationandfacerecognition. Our
resultssuggesthatbetteresultsmaybeobtainedn thefea-
turefinding stageby usingonly afew filtersin thelowerend
of thefrequeng spectrum.
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