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Abstract

In this paper, a face recognition algorithm using multi
feature and Radial basis Function Network (RBFN) is
proposed. The algorithm consists of three steps. In the first
step, a coarse classification is performed using Fourier
frequency spectrum feature, and only the first k gallery
images with minimum Euclidean distance to the probe
image are retained. In the second step, the Principal
Component Analysis (PCA) and Linear Discriminant
Anaysis (LDA) features of frequency spectrum are
extracted, which will be taken as the input of the RBFN in
the third step. In the last step, the classification is carried
out by using RBFN. The proposed approach has been
tested on ORL face database and Shimon database. The
experimental results have demonstrated that the
performance of thisalgorithm is much superior to the other
algorithms on the same database.
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1 Introduction

Face recognition has drawn considerable interest and
attention from many researchers for the last two decades
because of its potential applications, such asin the areas of
surveillance, secure trading terminals, Closed Circuit
Television (CCTV) control and user authentication. A
number of face recognition methods have been proposed
[2][3] and some related face recognition systems have
been developed. In general, face recognition methods can
be divided into two categories: congtituent based and face
based. The constituent based face recognition approaches
are based on the relationship between individua facial
features, such as eyes, mouth, nose and face boundary, etc.
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To detect facial feature, deformable template could be used
as a common method. Yuille et a. [5] proposed a method of
eye detection using deformable templatein 1992, Xie et a [6]
modified the eye template and energy function for eye
detection. Okada et a. [7] proposed to use Gabor wavelet to
extract facial features. Lam and Yan [8] presented a method
of using eye corners to guide the template matching process.
After the facial features are extracted, the classification of
face can be performed using the distance of these features or
elastic graph matching techniques [9], Constituent based
method can provide flexibility in dealing with non-rigid
facial features, such as eyes and mouth, but it is obvious that
the performance of this method highly rely on the accuracy
of the facial feature detection, moreover, the computation of
template matching is very time consuming. Whereas face
based approach uses raw pixel information or a processed
form of which as a representation of face. Principal
Component Analysis (PCA) is atypica and successful face
based techniques. Turk and Pentland developed a face
recognition system using PCA in 1991 [10]. To overcome
the difficulty caused by illumination variation, Belhumeur et
al. proposed Fisherface technique based on Linear
Discriminant Analysis (LDA) in 1997 [11]. Comparing to
constituent based method, face based method consider face
as a global feature, and then the detection of local feature is
not required. Furthermore, the computational complexity of
this method is not high. However, due to the variation of
facial expression, orientation and illumination direction,
single feature is usually not enough to represent human face,
so that the performance of this approach is quite limited. To
overcome this problem, we propose a new algorithm now,
which uses multi feature based on frequency domain to
represent face and uses RBFN as classifier. The performance
of thisnew algorithm will be tested and validated using ORL
face database and Shimon database.

A typical face recognition system includes the following
steps: (1) extract human face area from images, i.e. detect
and locate face; (2) find a suitable representation of the face
region; (3) classify the representations. A comprehensive
survey on the techniques used in step (1) can befound in[1].
In this paper we will focus our attention to the techniques
used in steps 2 and 3.

In order to better understand the proposed algorithm, some
background materials on Principal Component Analysisand
Linear Discriminant Analysis will be provided in appendix,
the details of the proposed algorithm will be given in section



2, the experiments and results will be presented in section 3.
Finally, section 4 will conclude this paper.

2 Algorithm

21 PCA and LDA featurein frequency domain

Because the PCA and LDA features of images reflect
different properties of images, i.e. PCA features represent
the Most Expressive Features and LDA features represent
the Most Discriminant Features. If both of them are used
into classification, it will have better classification
performance than using single feature. To further improve
the performance of classification, we adopt the PCA and
LDA feature based on frequency domain of image rather
than which based on raw image data. Because the Fourier
Frequency spectrum is a kind of feature with good
classification property, the PCA and LDA feature based on
freqguency domain should have better classification
property than which based on raw image data (spatial
domain). This point will be proved by experiments in
Section 3. We take the Fourier spectrum of images as the
raw data, and then perform PCA and LDA feature
extraction base on these data.

2.2 RBFN Classifier

The RBFN classifier is used in our algorithm. In training
phase, The PCA feature of Fourier spectrum (FS) of all
galery images is used as input of the first RBFN (we
assume it RBFN1), The LDA feature of Fourier spectrum
of all gallery imagesis used as input of the second RBFN
(we assume it RBFN2); the TARGET vector is the
membership of the input feature corresponding to each
class, if there are m classes, and the input vector belong to
the k class, then the TARGET vector should be (1,
tk,tk+1,...tn), here

t =0, (i#Kk)
t =1 (i=k)

Figure 3 shows the implementation architecture of the
training and test of RBFN classifier.

)

2.3 Algorithm architecture

The proposed algorithm consists of three steps. The first
step is the coarse classification. Firstly calculate the
Fourier spectrum of each gallery image and probe image,
then compute the Euclidean distance of the Fourier
spectrum of the probe image and each gallery image, and
the first k gallery images with minimum distance will be
retained as the candidates of the third steps. The second
step is feature extraction. Unlike to the general PCA and
LDA feature extraction, we extract the PCA and LDA
features of Fourier spectrum of image data. The third step
is classification using RBFN. Figure 1 describes its
implementation architecture. The whole algorithmis given
in Figure 2.

The ultimate classification is decided by the OUTPUT
vector of RBFN1 and RBFN2, let O, be output of RBFN1,
O, be output of RBFN2, and then the ultimate vector used

for classification is
O=w-0+w,-0,

where Weight Vector w = (w,,w,),and W, isthe RBFN
correct recognition rate only using PCA feature of Fourier
spectrum data, while W, isthe RBFN correct recognition

rate only using LDA feature of Fourier spectrum data, and
they can be estimated by arecognition test in asmall set. If

0=(0,0,,..0,,,0,,,;,--0,) . ad assume tha
0, =max{o, |i =12,..n} , while the k candidate
images  retained in step 1 belong to
Cpe =(C,C;,-.C;) (J <£K) , if meC, then the
test image is classified to the m class, otherwise the test
image is  classified to the p class, and
0, =max{o, i =12,...j}.
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3 Experiment

3.1 Facedatabases

Two face databases are used in experiments, Olivetti
research laboratory (ORL)face database and Shimon
database.

3.1.1 TheORL facedatabase

The database consists of 400 images acquired from 40
persons with variations in facial expression (e.g. open /
close eyes, smiling / non-smiling), and facial details (e.g.
wearing glasses / not wearing glasses). All images were
taken under adark background, and the subjectswerein an
upright frontal position, with tilting and rotation tolerance
up to 20 degree, and tolerance of up to about 10% scaly.
All image are grey scale with a 92* 112 pixels resolution.
Figure 3 shows two individual samplesin ORL database.

3.1.2 Shimon Edelman’s face database

There are 16 well-controlled images of each of 11 facesin
the database. All faces are of males without distinctive
features such as glasses, beards, or mustaches. All images
were taken by the same camera under tightly controlled
conditions of illumination and viewpoint. The frontal view
and neural expression face images under 16 different
illumination directions are considered (see Figure 4).

3.2 Experiment Results

321 Comparison of PCA and LDA feature
based on spatial domain and frequency
domain

To validate the effectiveness of the PCA and LDA festure
of Fourier frequency spectrum, a comparative experiment
was carried out on ORL database. The training image
number of each classisfrom 3to 7, and the rest images are
taken as test image. The experiment result was given in
Table |, obvioudly, the recognition performance by using
PCA or LDA feature based on frequency domain is
superior to which of using corresponding feature based on
spatial domain.



3.22 Comparison of the performance of the  Two experiments were carried out on ORL database and

proposed  algorithm

and others Shimon database respectively. The results were given in
Table Il and I11. The training image number of each class

algorithms
Training
PCA feature of FS of gallery
image--INPUT vector
p| RBFN1
Membership of the input feature corresponding
p| fO each class (TARGET vector)
LDA feature of FS of
galery image--INPUT > RBFN2
vector
Test
Membership of the input feature corresponding
PCA feature of FS of test
: to each class (OUTPUT vector)
image--INPUT vector
g ___»| RBFN1
LDA feature of FS of test Membership of the input feature corresponding
image--INPUT vector > RBFN2 to each class (OUTPUT vector)
Figure 1 RBFN Classifier
] > p| Coarse distance
Raw image data FFT classification, get k Weight Vector W
candidates
Step 1
] RBFN
PCA feature extraction of Classification
FS data
Step 2
P Step 3
LDA feature extraction of
FS data

Figure 2 Whole Algorithm

Figure 3 Examples of two individual’s face imagesin ORL database



Figure 4 An example of same facein Shimon face database

Training image
number 3 4 5 6 7
Method
PCA —on spatid | g5 a9, 83.3% 85.0% 90.0% 95.8%
domain
SCA on frequency | g; 19, 84.6% 87.5% 93.8% 96.7%
omaln
'aDA. on  spatia 84.3% 88.3% 89.0% 91.3% 93.3%
omaln
'aDA. on frequency | g7 194 91.3% 93.5% 96.3% 96.7%
omaln

Table I: The correct recognition rate of PCA and LDA feature based

on spatial domain and frequency domain using ORL database

Training image
number 3 4 5 6 7
Method
PCA+RBFN 88.9% 92.1% 94.5% 97.5% 99.2%
LDA+RBFN 87.5% 90.8% 94.0% 96.9% 99.2%
FS+RBFN 86.8% 91.7% 92.0% 97.5% 99.2%
Proposed method 91.1% 94.2% 99.5% 99.4% 100%
Table I1:Result on ORL face database
Training image
number 6 7 8 9 10
Method
PCA+RBFN 87.3% 92.9% 95.5% 97.4% 98.5%
LDA+RBFN 89.1% 91.9% 96.6% 97.4% 100%
FS+RBFN 89.1% 89.9% 95.5% 98.7% 100%
Proposed method 90.9% 96.0% 100% 98.7% 100%

Tablel11: Result on Shimon face database

database, the proposed algorithm achieved better



performance than other algorithms that using single
feature and RBF neural network.

4  Conclusion

An agorithm using multi-feature and RBFN was proposed
in this paper. The algorithm consists of three steps. In the
first step, a coarse classification is performed using
Fourier transform coefficient feature, and only first k
galery images with minimum Euclidean distance to the
probe image are retained; in the second step, the PCA and
LDA features of frequency spectrum are extracted, they
will be taken as the input of the RBFN in the next step; In

thelast stage, the recognition is carried out by using RBFN.

Experiments run on different face databases validate this
algorithm. The results demonstrated that the proposed
algorithm worked very well on the face database with
different expression, scale and small-scale variations of
pose, and illumination.

To overcome the problem caused by great non-uniform
illumination variation, some modification of the proposed
algorithm are required, and it will be our future work.
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Appendix

A.1 Principal Component Analysis

Principal Components Analysis (PCA), also known as
Karhunen-Loeve methods, is a technique now commonly
used for dimensionality reduction in computer vision,
particularly in face recognition. A method called Eigenface
based on PCA was used in face recognition in [10], which
chooses a dimensionality reducing linear projection thai
maximizes the scatter of all projected samples. More
formally, suppose aset of N sampleimages{Xy,Xs,......Xn }
taking values in an n-dimensional image space, and
assume that each image belongs to one of the ¢ classes{ X,
) ORI X¢} - Inorder to reduce dimensionality, we need to
find a linear transformation which maps the original
n-dimensional image space into an m-dimensional feature
space, where m < n. The new feature vectors y, € R™ are

defined by the following linear transformation:

@
where W e ®™™is a matrix with orthonormal columns.
Let S; bethetotal scatter matrix,

Y :WTXk

S, = (% — )% — 1" @

where N is the number of sample images, 1 is the mean

image of all samples. After applying the linear
transformation W T , the scatter of the transformed feature

vectors {yi.Ya,...... Ynbois WIS W In PCA, the
projection W is chosen to maximize the determinant of the

total scatter matrix of the projected samples, i. e.
W,

o = AgMax |WTSTW = (W, W, ... W, ) ®)
w

where { w, |i =1,2,.....m} is the set of n-dimensional

eigenvectors of S corresponding to the m largest
eigenvalues. Since these eigenvectors have the same
dimension as the original images, they are referred to as
Eigenpictures or Eigenfaces and form a basis set for face
images. The Eigenfaces span a subspace Sthat iscalled the
face space. Inthe training phase, every training face image
is projected onto space S and its projection is represented
by a m-dimension vector. In the performance phase, an
unknown image X is given and projected onto space S.
The training image corresponds to the nearest neighbor
projection is considered as the best match of X, and its
classlabel isassigned to X.

A.2 Linear Discriminant Analysis

Linear Discriminant analysis (LDA), also known as Fisher
Discriminant method, is a very useful statistical tool. It
takes into account the different variables of an object and
works out which group the object most likely belongs to.
Whether or not two or more groups are significantly
different from each other with respect to the mean of
particular variables.

Let atraining set of N face images represent ¢ different
subjects. The face images in the training set are
two-dimensional intensity arrays, represented as vectors of
dimension n. Different instances of the same person are
defined to belong to the same class while faces of different
subjects should belong to different classes. The basic
LDA-based face recognition algorithm is described as
following.

A.2.1 Feature extraction

The between-class scatter matrix Sz and within-class
scatter matrix S, are defined by Equation (4) and (5).

Se = 30 P (at =)ot )" @

N !

RY O — )0 — )"

=1

S (5)

c
i=1

where X?) is the | th sample vector with n dimension

belonging to class 1 ; 4; isthe mean vector of class 1 ; i is
the overall mean of sample vectors:

=30

i j=1

(6)

)

S; represents the scatter of the mean vector ; of class i
around the overall mean vector i . S, represents the
average scatter of sample vector of class i . If S, is

non-singular, the LDA sdlectsamatrix W e R ™ with
orthonormal columns which maximizes the ratio of the
determinant of the between class scatter matrix of the
projected vector samples to the determinant of the
within-class scatter matrix of the projected samples, i.e.

WT's.w
WO :argmaxw—[wl,wz, ...... W, ]

M ®
WS, W

where {W. |[i =1,2,.....k} is the set of generalized
eigenvectors of S; and S, corresponding to the set of
decreasing eigenvalues{ 4, |1 =1,2,..... K} ,i.e

SgW = 4, Sy W ©)

From [10], the upper bound of k is c-1. The matrix W
describes the Optimal Linear Discriminant Transform or
the Foley-Sammon Transform. However, the matrix

W cannot be calculated directly from Equation (9)
because S, issingular generaly. In order to deal with this

case, many solutions have been presented in the literatures.
The method called Fisherfaces was introduced in [10],



where the problem of S, being singular is avoided by

projecting the image set onto a lower dimensional space.
The feature space can be reduced to to N-c by using PCA,
and then, the dimension can be further reduced to c-1 by
applying the standard linear discriminant defined in

Equation (9). More formally W is given by

W =W W, (10
where
W, = argvrvnax| W'CW] 11)
and

[WTW e, SoWoe W | (12)

W, = argmax
e = a9 IWTW S,W. W |

where C is the covariance matrix of the set of training

images . The columns of W' are orthogonal vectors that
are caled Fishfaces. Unlike the Eigenface, the Fisherfaces
do not correspond to face-like patterns. All sample face
images in the training set are projected on the vectors

corresponding to the columns of the W, and the features

set is extracted for each sample face image, which can be
used directly for classification.

A.2.2 Classification

Like the classification of PCA method, in LDA method,
firstly a test face image is projected onto the Fisherface
subspace achieved in feature extraction phase, secondly
the recognition can be performed by using Euclidian
distance in the feature space. In order to improve
classification performance, a weighted mean absolute
distance (or square distance) is presented in [17], where
the weights are obtained on the base of the reliability of the
decision axis.



