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Abstract

Detectingandrecognizingfaceimagesautomatically is
a difficult taskdue to the variability of illumination, pre-
sentationangle, faceexpressionand other common prob-
lemsof machine vision. In this paper, we representface
imagesascombinationsof 2-D Gabor waveletbasiswhich
arenon-orthogonal. GeneticAlgorithm(GA) is usedto find
anoptimalbasisderivedfroma combination of frequencies
andorientationanglesin the2-D Gaborwavelettransform.
Insteadof usingthe widely usedwithin andbetweenclass
scatterevaluation asthefitnessfunctionin GA,weuseen-
tropyto measure theinformationcomplexity of thewavelet
transform.Comparedto thewell-known“eigenface”algo-
rithm which representsfaceimagesbasedonanorthogonal
basis,thisGaborwaveletrepresentationwith optimal basis
canprovidea moreaccurateandefficientprojectionscheme
andthereforea betterclassification result.

1. Introduction

In recent years,considerableprogresshasbeenmadeon
the problemsof facedetectionandrecognition, especially
in theprocessingof “mug shots”,i.e.,head-onfacepictures
with controlled illumination andscale[4, 7]. But theprob-
lem of recognizing a human facefrom a general view re-
mainslargelyunsolved,sincetransformations suchasposi-
tion, orientation,scale,andillumination causethe faceap-
pearanceto varysubstantially.

By far, mostof thepracticalmethodsusebasisfunction
representation,alsocalleddictionary or kernelmethods, to
representthe original faceimages.Many early developed
algorithmsuseorthogonalbasisfunctions derived from the
eigensystemmethod[9]. Recently, it is found that unlike
signalrepresentation,orthogonalityis notarequirementfor
patternrecognition, andonecanexpectbetterperformance

from non-orthogonal basesover orthogonal onesas they
leadto anover completeandrobust representationalspace
[4]. Two setsof algorithms have beendevelopedso far to
generate non-orthogonal bases:In [4], Liu and Wechsler
usewhiteningandrotationmethodsto transform theorthog-
onal eigenvectors into non-orthogonalbasesand thenuse
GA with within andbetweenclassscatterevaluation asits
fitnessfunction to chooseanoptimal basis.In [5], Lyons et
al. projectfaceimagesontothenon-orthogonal2-D Gabor
waveletbasisspacedirectlywith afixedbasis.

In thispaper, wedevelopafacerepresentationmethodby
using2-D Gaborwaveletfilters asthenon-orthogonalpro-
jectionbasisandGA astheoptimalbasisselectionmethod.
Insteadof usingwithin andbetweenclassscatterevaluation
as the fitnessfunction, we useentropy to measurethe in-
formationcomplexity asthefitnessfunctionin GA. Thead-
vantageof thisalgorithmis thatit combinesthestabilityand
invariantcharacteristicsof theGabor waveletrepresentation
regardingto faceorientationanddilationwith thesearching
power of GA. By usingentropy as the fitnessfunction in
GA, we do not needto do classificationin eachgeneration
which is required if usingwithin andbetweenclassscatter
matrixasthefitnessfunction.

2. Feature Vector Extraction by 2-D Gabor
Wavelet Transform

Theuseof the2-D Gaborwavelet representation in im-
ageanalysiswaspioneeredby Daugman in the 1980s [2].
The parameterizedfamily of 2-D Gaborfilters are taken
from actualneurophysiologicalmeasurementsof the two-
dimensionalanisotropic receptive field profiles describing
singleneuronsin mammalianvisualcortex [1]. Thegeneral
functional form of the2-D Gaborfilter family over theim-
agedomain�������
	 is specifiedin termsof thespacialdomain
function asEq.1.
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where �B02� denotesthemagnitude, �!� � ��� � 	 specifiestheref-
erence pixel coordinate in the image, ��%#��,�	 specifiesthe
effective width andlengthof the image,and ��: � ��< � 	 spec-
ifies the modulation, which has spatial frequency C � ���: $� (D< $� 	FEG anddirection H � �JIFKBL9M3IF,��BN�OP O 	 .

Suppose the total number of pixels in the face im-
age is LQ�R%S0
, , by substitutingeachpixel coordinate���UTF����TV	9�VWAWAWV�V�!�YX�Z8[6���FX�Z8[9	 into Eq. 1, we form a 2-D Ga-
borwaveletbasisvector, \^] � _

, for aspecificreferencepixel
( ` ) anda modulation( M ) asshown in Eq.2.
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Let h bethelexicographic representationof pixel valuesin
the faceimage,i.e., h is a Ljilk columnvector. The 2-D
Gabor coefficients, in essence,canbeexpressedasaconvo-
lution betweenh andthewaveletbasis\?] � _

,

m ] � _ �*hon�\ ] � _
(3)

The featurevector of this imagegivena frequency and
orientation angle pair �/C � ��H � 	 can then be expressedas
Eq.4.

p>_ �q�gr m8s � _ r�[d�AWVWAW&�dr m-t Z8u � _ r�[�. f (4)

where v is the total number of reference pixels and rw0xr [
denotesthevector k -norm.

3. Optimal Basis Selection Using Genetic Algo-
rithm (GA) and Information Complexity

In Sec.2, the non-orthogonal basis \ ] � _
can be con-

structedby differentcombinationsof thespatialfrequency
andthe orientation anglepair �/C � ��H � 	 . In particular, if we
specify y spatialfrequencies,whicharedenotedas C5z��|{$�}for 7Q��~U�AWVWAW&��y���k and � orientation anglesranging
from ~ to � degree evenly separated, then there are to-
tally y�� possiblepairsof ��C � ��H � 	 ’s. By combining different
number of thesepairs,we canform a setof possiblenon-
orthogonal wavelet bases� . The total numberof possible
basesin the set is the summationof the binomial coeffi-
cients, �6�x��[�(��6�a� $ (��6�a����(�0A0A0U(��6�a� �B� . The task
for GA in our algorithm is to find theoptimal basisfrom �
basedon theevaluationof informationcomplexity.

GA is a searchingalgorithmwhich is basedon concepts
of biological evolution andnatural selection.It canbesuc-
cessfullyusedto solve problems where vast numbers of

possiblesolutions exist. By allocatingmorereproductive
occurrencesto aboveaverageindividualsolutions,theover-
all effect is to increasethepopulation’saveragefitness[10].
Therearethreecomponents involved in GA: theinitial pop-
ulation; the fitnessfunction; andthe recombinationopera-
tors.

For thefirst component,thebasisset � formstheinitial
population. Eachmember of the initial population (known
as“chromosome”)is encodedasabinary string,whereeach
locusis abinarycodeindicatingthepresence( k ) or absence
( ~ ) of a given frequency andorientation pair �/C � ��H � 	 . For
example, if wespecify y?��k and �^��4 , thentherearetwo
possiblefrequency andorientation pairs ���o��~2	9�����o����	 and
therearetotally $ � [ ( $ � $ �*� possiblebasisvectors. The
chromosomescanberepresentedas k�~
��~Uk��Vk�k .

For the secondcomponent, fitnessvaluesare usedto
guide GA on how to chooseoffsprings for the next gen-
eration from the current parentgeneration. [4] usesthe
widely employed within andbetweenclassscatterevalua-
tionasthefitnessfunctionin GA. However, in orderto eval-
uatethewithin andbetweenclassscatter, theclassification
result is needed.In anotherword, classificationhasto be
performedin eachgeneration during the evolution, which
bringsalargecomputationburdenontoGA. Instead, weuse
entropy in ouralgorithmasthefitnessfunctionto avoid the
additional implementation of classificationin GA. We de-
fine theinformationcontent for eachimagegivenaspecific
frequency andorientation anglepair �/C � ��H � 	 asEq. 5 and
Eq.6.
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Theentropy ( � ) is usedasthefitnessfunctionto evaluate
thebases,
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����[
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where � is the total number of images in the training set.
GA maintainsthe basiswith the largestentropy asa suc-
cessfulselective result.

Two kinds of chromosomeprocessingmethods canbe
usedasthe recombination operators: crossover andmuta-
tion. Mating is performedasa crossover processwhereby
we randomly pick a positionalongeachpair of parent in-
dividualsasthecrossover point andthetwo portions to the
right of this point in bothparents areinterchangedto form
two offspringstrings. Mutation is usedin GA for creating
new combinationsof centralfrequency andorientationpairs
in 2-D Gaborwavelet representationso that the searching
processcanjump to another areaof the fitnesslandscape.



By mutation,arandomly selectedvariablein achromosome
canbeeitheraddedto or removedfrom it.

GA is a global optimization algorithm. It approaches
theglobal optimumin a moreefficient way thansimulated
annealing. Theoptimalnon-orthogonalbasisgeneratedby
GA is usedto projectthe faceimagesto derive the feature
vector for classification.

4. Experiments and Results

In our experiments,we usethe faceimagescapturedin
apatternrecognition classtaught in spring, 2001 [8]. There
aretotally k�k persons in the imagedatabase. Eachperson
hasthreeimagestaken with different illumination, facial
size,andfacialexpressionsasshown in Fig. 1.

(a) (b) (c)

Figure 1. Sample face images in the database .

In order to simplify the experimentalprocedure,a fiducial
grid is positionedby manually clicking on �6� easilyidenti-
fiablepointsof eachfaceimage,asshown in Fig. 2. There-
fore,the L in Eq.2 is equal to �6� . Wealsouseall the �6� pixel
positions asthereferencecoordinates,that is, Lw��v��q�6� .
In theexperiment,we set y=��� and �=��� with theorien-
tationanglesranging from ~ degreeto k� 6~ degree at a step
of ��~ degree.

Figure 2. Selection of landmarks.

Two experimentsaredesigned: One experiment com-
pares the performanceof the classicalorthogonal “eigen-
face”algorithm (Turk andPentlandusedPrincipleCompo-
nent Analysis(PCA) directly in facerecognition in [9] and

calledthe orthogonal basisderived from PCA the “eigen-
face”.) andtheproposednon-orthogonaloptimalbasisap-
proach. From this experiment, the effectivenessof using
informationcomplexity asthe fitnessfunction canalsobe
validated. Theotherexperimentcomparestheperformance
of choosing different number of images in the trainingset
(eitheroneor two imagesperpersonarechosento form the
trainingset).

After weproject theoriginal faceimagesby usingeither
theoptimalbasisgeneratedby GA or theorthogonal basis
derived by “eigenface” method, we usethe minimum dis-
tanceapproachto clusterthefaceimages.Theclassification
resultof thetestimageis decidedastheclassnumberof the
trainingimagecorresponding to thesmallestdistance.

Fig.3showstheperformanceof theclassical“eigenface”
algorithm asa function of the number of eigenvectorsre-
tainedwhenthe trainingsetis composedby usingoneim-
ageper person. The averaged accuracy rate for this algo-
rithm is around ¡2~F¢ . However, if we choosetwo images
perperson to generatethetrainingset,theperformancerate
by using“eigenface”algorithm is increasedto about £
kd¢ .
We canseethat becausethe “eigenface” algorithm yields
projectionaxesbasedonthevariationsfrom all thetraining
samples,theclassificationperformancedependsheavily on
thechoiceof thetraining set.
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Figure 3. Performance of “eig enface” algo-
rithm by using diff erent number of eigenvec-
tor s.

Comparatively, we useGA to choosean optimal non-
orthogonalbasisfrom the2-D Gaborwaveletfunctionfam-
ily by usingdifferentcombinationsof spatialfrequency and
orientation anglepairsso that it maximizesthe entropy in
GA processing.Somesampleresultsof GA areshown in
Table 1, where* marks the onewith the largestentropy.
Basedon this basis,we implement the classificationalgo-
rithm andtheperformancerateof usingoneimagefor each
personin thetraining setis about £
kB¢ andtheaveragedper-
formancerateof usingtwo differentposesfor eachperson



in thetrainingsetcanbeashigh as kV~�~�¢ in this relatively
smallfacedatabase,asshown in Fig. 4.
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Table 1. Choice of the optimal basis by using
GA and entr opy evaluation.
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Figure 4. The overall perf ormance rate .

Weobservethatby usinganoptimal basis,thealgorithm
canchoosethemostsignificant componentsin thespatial-
frequency domainof theoriginal images(animportantchar-
acterof 2-D Gaborwavelettransformation)andat thesame
timeeliminatetheinfluenceof interferencesbehindtheim-
agesefficiently.

5. Conclusion

This paperpresentsanalgorithm for automatically clas-
sifying faceimagesusingfeature vectors derived in a 2-D
Gabor wavelet basisspace. In order to eliminateredun-
dancy andevensomeinterferencesof thebasis,we useGA
to searchthrough theGaborwaveletbasisspaceto find an
optimal basisgeneratedbyspecifying acombinationof spa-
tial frequency and orientationangle pairs in the 2-D Ga-
bor wavelet transformation. In theprocessof GA, entropy
is chosenasthe fitnessfunction in order to make the cor-
responding children chromosomeshave more information
content, which hasthe advantage that we do not needto
perform classificationeachtime in the evolution which is
requiredif usingthewithin andbetweenclassscatterevalu-
ation.Comparedto theclassical“eigenface” algorithm, the

optimal basisfound by GA canimprove theoverall perfor-
manceby asmuchas kV~�¢ .
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