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Abstract

Detectingandrecaynizingfaceimagesautomdically is
a difficut task dueto the variability of illumination, pre-
sentationande, face expressionand other comma prob-
lems of madine vision. In this paper, we representface
imagesas combinaions of 2-D Gaba waveletbasiswhich
are nonrorthogonal. GeneticAlgorithm(GA) is usedto find
anoptimalbasisderivedfroma combinaion of frequemies
andorientationandesin the2-D Gaborwavelettransform.
Insteadof usingthe widely usedwithin and betweerclass
scatterevaludion asthefitnessfunctionin GA, we useen-
tropyto measue theinformationcompleity of the wavelet
transform.Compaedto thewell-known"eig enface”algo-
rithm which representgaceimagesbasedon an orthogonal
basis,this Gaborwaveletrepresentatiorwith optimd basis
canprovidea more accurate andefficient projectionscheme
andtherefore a betterclassificatio result.

1. Introduction

In recen years,consideableprogresshasbeenmadeon
the prodems of facedetectionandrecoqition, especially
in theprocessingof “mug shots”,i.e.,headonfacepictures
with contolled illumination andscale[4, 7]. But the prob-
lem of recoqizing a human facefrom a geneal view re-
mainslargely unsohed, sincetransfamatiors suchasposi-
tion, oriertation, scale,andillumination causethe faceap-
peaanceto vary substantially

By far, mostof the practicalmethals usebasisfunction
repesentationalsocalleddictionat or kernelmethod, to
repesentthe origind faceimages. Marny early developed
algoithms useorthayonalbasisfunctiors derived from the
eigersystemmethod[9]. Recently it is found that unlike
signalrepresetation,orthagonalityis notarequilementfor
patternrecogition, andonecanexpectbetterperfamane

from nontorthagond basesover orthogoral onesas they

leadto anover compete androhustrepresetationalspace
[4]. Two setsof algorithns have beendevelopedsofar to

geneate non-orthogonal bases:In [4], Liu and Wechsler
usewhiteningandrotationmethod to transfam theorthag-

onal eigervectos into non-orthayonal basesand then use
GA with within andbetweenclassscatterevaluation asits

fitnessfunction to chaosean optimal basis.In [5], Lyons et
al. projectfaceimagesontothe non-athogonal 2-D Gabor
waveletbasisspacedirectly with afixedbasis.

In thispape, we develop afacerepresetationmethodby
using2-D Gaborwaveletfilters asthe nonorthagonalpro-
jectionbasisandGA asthe optimalbasisselectiormethal.
Insteadof usingwithin andbetweerclassscatterevaludion
asthe fitnessfunction, we useentrofy to measurehe in-
formationcompleity asthefitnessfunctionin GA. Thead-
vantag of thisalgorithmis thatit combiresthestabilityand
invariantcharacteristicef the Gaba waveletrepresetation
regadingto faceorientationanddilationwith thesearching
power of GA. By usingentrgy asthe fitnessfunction in
GA, we do not needto do classificationin eachgeneréion
whichis requiredif usingwithin andbetweerclassscatter
matrix asthefitnessfunction

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

The useof the 2-D Gaborwaveletrepresetationin im-
ageanalysiswas pioneeredby Daugnanin the 1980s[2].
The paraneterizedfamily of 2-D Gaborfilters are taken
from actualneurghysiological measuementsof the two-
dimersional anisotrgic receptve field prdfiles descriling
singleneuonsin mammaliarvisualcortex [1]. Thegeneral
fundional form of the 2-D Gaborfilter family over theim-
agedomain(z, y) is specifiedn termsof thespaciadomain
fundion askq. 1.



Gs(x,y) = |exp(—7[(z — z,)*m* + (y — y5)°n]) -
exp(—2mifus(z — x5) +ve(y —ys)])| (1)

where| - | dendesthemagnitue, (z,, y,) specifiegheref-
ererce pixel coordnate in the image, (m,n) specifiesthe
effecive width andlengthof theimage,and (u,v;) spec-
ifies the moduation, which has spatial frequeny w; =
(u2 + v2)2 anddirectin 8, = arctan(t).

Suppae the total numker of pixels in the face im-
ageis ¢ = m - n, by substitutingeachpixel coodinate
(0,%0),- -, (Te—1,Yc—1) Into EQ. 1, we form a 2-D Ga-
borwaveletbasisvecta, G ¢, for aspecificreferene pixe
(s) andamodulation(t) asshavnin Eq.2.

Gs,t = [Gs,t ('Z.OJ y0)7 L) Gs,t ('Z-Cfla y671)]T (2)

Let I bethelexicograplic represetation of pixd valuesin
thefaceimage,i.e., I is ac x 1 columnvecta. The 2-D
Gaba coeficients, in essence;anbeexpresse@sa convo-
lution betweerd andthewaveletbasisGe .,

qs,t = I X Gs,t (3)

The featurevecta of this imagegivena frequengy and
oriertation angle pair (w;,6;) can then be expressedas
Eq.4.

Q¢ = [[laoll,---»llas—1,ell1]” (4)

whereS is the total nunber of refererce pixels and|| - ||+
derotesthevectorl-nam.

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

In Sec. 2, the nonorthognal basisGs ¢ can be con-
structedby differentcombnationsof the spatialfrequeng
andthe oriertation anglepair (wy, 6;). In particular if we
specifya spatialfrequencieswhicharedendedasw; = 37
fori = 0,...,a — 1 and g oriertation anglesrangng
from 0 to = degree evenly separatedthen there are to-
tally a8 possiblepairsof (wy, 8;)’s. By combiring different
nunber of thesepairs,we canform a setof possiblenon-
orthogoral waveletbased). Thetotal nunmber of possible
basesin the setis the summationof the binomal coefi-
cients,*ACy +%8 Cy +98 C3 + --- +%8 C,5. Thetask
for GA in ouralgorittm is to find the optimal basisfrom U
basedn the evaluationof informationcomgexity.

GA is asearchinglgorithmwhichis basecn concets
of biologcal evolution andnatugal selection.It canbe suc-
cessfullyusedto solve prablems where vast numbers of

possiblesolutiors exist. By allocatingmore reprodictive
occurencedo aboe averag individual solutions the over-
all effect is to increaethe popuation’s average fithess[10].
Therearethreecomponerts involved in GA: theinitial pop-
ulation the fitnessfunction andthe reconbinationopea-
tors.

For thefirst compmnent,the basissetU formstheinitial
population. Eachmembe of theinitial popuation (known
as“chromosome”)s enco@édasabinaly string,whereeach
locusis abinarycodeindicatingthepresere(1) or absence
(0) of a given frequengy andorientatio pair (wy, 6;). For
exanple, if wespecifya = 1 andg = 2, thentherearetwo
possiblefrequeny and orientdion pairs (m, 0), (7, ) and
therearetotally 2C; +2 C, = 3 possiblebasisvectas. The
chranosomeganberepresentedas10, 01, 11.

For the secondcompmnent, fithessvaluesare usedto
guide GA on how to chooseoffsprings for the next gen-
erationfrom the current parentgeneratio. [4] usesthe
widely emplgyed within and betweenclassscatterevalua-
tion asthefitnessfunctionin GA. However, in orderto eval-
uatethewithin andbetweerclassscatteythe classification
resultis needed.In anotherword, classificationhasto be
perfamedin eachgeneation during the evolution, which
brings alarge computationburdenontoGA. Insteadwe use
entroy in our algorithmasthefitnessfunctionto avoid the
additinal implementatia of classificationin GA. We de-
finetheinformationconten for eachimagegivena specific
frequeng andorientation anglepair (w;, 6;) asEqg. 5 and
Eqg.6.

1
= 5
a= <[1Qllx (5)
as
P(aj) = 7.:J (6)
> a

Theentrogy (H) is usedasthe fitnessfunctionto evaluate

thebases,

J
H=-% P(a;)log P(a)) )
j=1
whereJ is the total numker of images in the training set.
GA maintainsthe basiswith the largestentrqy asa suc-
cessfulselectve result.

Two kinds of chrombsomeprocessingmethals canbe
usedasthe recomlination opeators: crosseer and muta-
tion. Mating is perfomedasa crosseer processwherely
we rancbmly pick a positionalongeachpair of parer in-
dividualsasthe crosseer pointandthetwo portiors to the
right of this pointin both parerts areinterchaagedto form
two offspringstrings. Mutationis usedin GA for creating
new combinationsof centralfrequenc/ andoriertationpairs
in 2-D Gaborwavelet representationso that the searching
processcanjump to anotter areaof the fitnesslandscape.



By mutatian, arandanly selectedrariablein achromsome
canbeeitheraddedto or removedfrom it.

GA is a glohal optimization algorithm It appoaches
the global optimumin a moreefficient way thansimulated
anrealing. The optimalnon-athogonal basisgenerged by
GA is usedto projectthe faceimagesto derive the featue
vecta for classification.

4. Experimentsand Results

In our expetiments,we usethe faceimagescapturedn
apatternrecognition classtaugh in spring 2001 [8]. There
aretotally 11 persoss in the imagedatabae. Eachperson
hasthreeimagestaken with differentillumination, facial
size,andfacialexpressionsasshavnin Fig. 1.

@) (b) (c)

Figure 1. Sample face images in the database .

In orde to simplify the experimentalprocelure, a fiducial
grid is positiored by manually clicking on3 easilyidenti-
fiable pointsof eachfaceimage,asshavn in Fig. 2. There-
fore,thecin Eq.2isequalto3 . Wealsouseall the3 pixe

positiors astherefererre coordnatesthatis,c = S =3 .

In theexperiment,we seta = andg = with theorien-
tationandesrangng from 0 degreeto 1 0 degree ata step
of 30 degree.

Figure 2. Selection of landmarks.

Two expelimentsaredesigned One expeliment com-
pares the perfamanceof the classicalorthognal “eigen-
face”algoithm (Turk andPentlandusedPrincipleCompo-
nent Analysis(PCA) directly in facerecogiition in [9] and

calledthe orthagond basisderived from PCA the “eigen-
face”.) andthe proposednon-orthagonaloptimal basisap-
proach. From this expaiment, the effectivenessof using
information complity asthe fitnessfunction canalsobe
validated The otherexpeimentcomparesthe perfamance
of choaing differert numker of images in the training set
(eitheroneor two imagesperpersorarechoserto form the
trainingset).

After we projed theoriginal faceimagesby usingeither
the optimal basisgenersed by GA or the orthagond basis
derived by “eigenface” method we usethe minimum dis-
tanceapprachto clusterthefaceimages.Theclassification
resultof thetestimageis decidedastheclassnumberof the
trainingimagecorresponéhg to the smallestdistance.

Fig. 3shavstheperfamane of theclassical'eigerface”
algoithm asa function of the numter of eigervectorsre-
tainedwhenthe training setis compasedby usingoneim-
ageper persm. The averagel accurag ratefor this algo-
rithm is aromd 0 . However, if we chaosetwo images
perpersm to geneatethetrainingset,the perfamancerate
by using“eigenface” algorithm is increasedto abou 1
We can seethat becausdhe “eigenface” algoithm yields
projection axesbasednthevariationsfrom all thetraining
samplesthe classificatiorperfamancedepenlsheaily on
thechoiceof thetraining set.

number of eigenvectors

Figure 3. Performance of “eig enface” algo-
rithm by using diff erent number of eigenvec-
tors.

Comparatiely, we use GA to choosean optimal non-
orthagonalbasisfrom the2-D Gaborwaveletfunctionfam-
ily by usingdifferentcombinaionsof spatialfrequeng/ and
oriertation anglepairsso thatit maximizesthe entrofy in
GA proeessing. Somesampleresultsof GA areshowvn in
Table 1, where* marks the onewith the largest entroyy.
Basedon this basis,we implement the classificationalgo-
rithm andthe perfamancerateof usingoneimagefor each
persorin thetraining setisabou 1 andtheaveragdper
formancerate of usingtwo differentposesfor eachperson



in thetraining setcanbe ashigh as100
smallfacedatabaseasshavnin Fig. 4.

in this relatively

Basisof frequeny andorientationpair | Entropy

Table 1. Choice of the optimal basis by using
GA and entropy evaluation.

“eigenface”
2 imagesin ~~a
laining set

"eigenface”

90 1image in

training set
.

performance rate
g

GA search
1image in
training set

GA search
2 images in
training set

Figure 4. The overall performance rate.

We obsere thatby usinganoptimal basis thealgorithm
canchoosethe mostsignificart compmnentsin the spatial-
frequeng domainof theoriginalimageganimportantchar
acterof 2-D Gaborwavelettransfornation)andatthe same
time eliminatetheinfluerce of interferencebehindtheim-
age<efficiently.

5. Conclusion

This paperpresentanalgorithm for automaéically clas-
sifying faceimagesusingfeatue vectas derived in a 2-D
Gabao wavelet basisspace. In order to eliminate redun-
darcy andevensomeinterfeiencesof the basiswe useGA
to searchthrowgh the Gaborwavelet basisspaceto find an
optimal basisgeneatedby specifyirg acombirationof spa-
tial frequengy and orientationande pairsin the 2-D Ga-
bor wavelettransformation. In the procesof GA, entrqy
is chosenasthe fitnessfunction in order to make the cor-
respmding children chranosomeshave more information
cortent, which hasthe advantag that we do not needto
perform classificationeachtime in the evolution which is
requredif usingthewithin andbetweerclassscatterevalu-
ation. Compaedto theclassical'eigenfae” algorithm, the

optimd basisfound by GA canimprove the overall perfor-
manceby asmuchas10
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