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ABSTRACT

Fast feature matching process and high recognition rates are two important issues in face
recognition systems. In this paper, a fuzzy neural network based face recognition system which
addresses on these two subjects is proposed. This face recognition system uses a fuzzy linear map-
ping (FLM) for feature extraction and a fuzzy neural network (FNN) for fuzzy feature matching.
Experimental results show that the proposed face recognition system has two advantages. First,
higher recognition rates are achieved in comparison with statistical feature extraction methods.
Second, feature matching process using fuzzy neural network is faster than minimum distance
classifier.
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1. Introduction

Face recognition systems have many real world applications, such as criminal detection, security system, and
access control systems. Usually, these applications require real-time performance, therefore, it is important
to design a face recognition system with high recognition rate and fast matching speed.

It is well known that feature extraction and pattern identification are two major processing stages in
a face recognition system. Principal Component Analysis(PCA) and Linear Discriminate Analysis(LDA)
are two promising statistical feature extraction techniques[l]. PCA extracts features such that variance
information enclosed in population can be preserved as much as possible. Usually, PCA does not use class
information and is not suitable for classification purpose. On the contrary, LDA adopts class information and
maximizes the ratio of between class distance and within class distance. Because the within class distances
of real patterns are not reliable, LDA has the risks of poor generalization ability. Features extracted by PCA
or LDA need a nearest neighbor classifier to conduct pattern classification. However, a nearest neighbor
classifier must compare an input pattern with all templates so that an appropriate output class can be
chosen. It is well known that the searching time increases when the number of templates is increased. In
this paper, we propose a new transformation-based feature extraction technique and a fuzzy neural network
based pattern classifier. The new feature extraction technique can solve the drawbacks of PCA and LDA
simultaneously while fuzzy neural network can speed up the pattern matching process. The proposed feature
extraction method first applies a new linear mapping to maximize the hetween class distances of extracted
features. Then, the within class distances of extracted features are used to define fuzzy feature ranges. The
new linear mapping technique together with fuzzy feature ranges are called fuzzy linear mapping (FLM).
Empirical results demonstrate that features extracted by FLM indeed have better discriminating power than
those extracted by PCA-based {4] or LDA-based [2] approach due to the introduction of class information
and the fuzzy represenation of class boundaries. Tn the pattern identification stage, the proposed fuzzy
neural network can process fuzzy information and can learn from training examples. The architecture of the
proposed FNN is basically a coarse-to-fine search mechanism. In the coarse search stage, candidate classes
are selected if the features of an input pattern falling in the fuzzy class boundary. In the fine search stage,
templates of the previously selected candidate classes are compared one by one with the unknown input and
finally only the best matched template will be selected. The class that contains the best matched template
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will be chosen as the output class. Since a class may contain large number of templates, the coarse-to-fine
search strategy can significantly accelerate the matching process of the proposed system.

The remaining parts of this paper are organized as follows. In Section 2, the concept of fuzzy linear
mapping is discussed. Architecture and operation of the proposed fuzzy neural network are discussed in
Section 3. Experimental results are shown in Section 4. Section 5 is conclusion of this paper.

2. Feature Extraction

The proposed fuzzy linear mapping technique is described in this section. Let p;:” denote a d dimensional
tralning image vector, where ¢ = 1,...,¢ 1s the class index, ¢ is the total number of classes in population,
J = L.....n; represents the pattern index in class i, and n; is the number of images in class i. There
are totally n tramning images in population, where n = ny + na + ...+ n.. Let 151
pattern vector of p}“, and every class has its own class mean vector ;. In the analysis of linear mapping
techniques, the within class, between class, and total covariance matrices are denoted as Cy, Cj, and Y
respectively. The proposed fuzzy linear mapping consists of two elements. The first one is projection axes
on which patterns project having the largest between class distances. The second one 1s fuzzy feature range
which is used to predicate class boundaries. Let W/ = {u[} denote projection axes, where k = 1,... ny,

)
denotes zero mean

. . .. _ . . (i) .
and ny is the number of features. Projecting class mean vector m; onto axis w‘[ yields feature g, °, that is

;ﬂéj) = (u"Af)tﬁ).,».

To measure discriminating ability of projection axis w‘,{ . the variance z; of features can be calculated as

follows: -
L )N Nt o f
MO E E U, =gy ) = (wy) Cplwyg). (1)
i=] j=1
The total variance Z of extracted features thus can be defined as:
ny
7= u =t (W' Cyw)). (2)
k=1
To maximize between class distances is equivalent to maximizing Z. Equation (1) is an eigen problem, let
w'! he eigenvectors corresponding to the n; largest eigenvalues of Cy, then W7 is KL-transform.

The within class distances of original pattern space are not reliable to perform discriminant analysis,
because density and shape of class variate significantly. However, the largest ranges of between class dis-
tances can be calculated from training samples to predicate class boundaries. Let y;:i,:) denote the projection
of pattern vector p;‘-z) on axis 1(}{, that 1s

(1) _ Fat, (2)
yjk - (u)l\:) })7 .
Define the kth within class perimeter of class i as

7'2_” = ma.x{‘z/;-;‘)} - m_in{yﬂ)}.
J J

then the largest within class distances on the &£th projection axis can he calculated as
fe = m_a,x{'ry a8
7

where fp 18 called fuzzy feature range of the kth feature. Performing fuzzy linear mapping on pattern vector
p}') obtains fuzzy features (/](1,\), which 1s defined as follows:

(6 ()

,,’/‘7'/\- = (.,I/J'Lv s ,fk)w
where fj is fuzzy feature range associated with the kth extracted feature. This definition of fuzzy features
let trained or unknown feature points of the same class fall in the same class boundary with high proba-

bility. Using fuzzy features, and a coarse-to-fine searching mechanism can accelerate the process of pattern
identification. This issue will be discussed in the following section.
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3. Pattern Classification

The proposed FNN consists of multiple Super Cl:
anism to accelerate pattern identification.

ss Neurons (SCN) which have coarse-to-fine search mech-

Super Class Neuron A Super Class Neuron is designed to store and process information of a class
of patterns. Information in an SCN includes houndaries and templates of a class. Basically, SCN is a
hybrid modular neural network, which consists of two types of neurons, class neuron and template neuron.
Figure 1{a) shows an exemplar Super Class Neuron. An SCN is characterized by class neuron ', template
neurons 'Ifyf, compound class boundary weights [ 7, and template weights u';i e Where i = 1, ¢ is class
index, j = 1,...,n; is template index, and & = 1,...,n; is dimension index of inputs. Input signal I is
features produced by fuzzy linear mapping discussed in the previous section. The fuzzy feature range f is
constant and put in input terminal of SCN. In training process, fuzzy feature ranges are used to extend class
boundaries. The output signals are
the spec

status A' of SCN and membership degree p? of input signals relative fto
ied class of SCN. When signals I, is put on input terminals, the dynamics of SCN are as follows.
Basically the dynamics of SCN consists of two time steps. In the first time step, input signal compares with
compound class boundary weights. If input signal fully contained in class boundaries, then clags neuron is
activated, otherwise class neuron is disabled. The activation function of class neuron is as follows:

S

C

i = Wesyn((Le = G0 = 1), (3)

sgn{a) = { (l' iz >0,

where
) otherwise.

The value of C; is then sent out of SCN as status A' and transmitted to template neurons. In the second
time step. template neurons calculate the membership degree of input signals. The dynamics of template
neuron is characterized by:

o ST (Tp-wiy)? )

1= (e 2, (4)
where h is constant for all template neurons. Note that C; dominate the output values of T; If C; is zevo,
T} always has zero values, i.e. the remaining parts in right hand side of Equation (4) need not be calculated
further. The maximum of temiplate neurons then output as membership degree of SCN, that is:

nh =0 m‘];d.x{rl"; }.

—
it

Note that (; also dominates calculation of y;. If € = 0, the calculations of T} can be omitted. The dynamics
of SCN can thus be thought of as a coarse-to-fine searching process. ln coarse searching, activation value ol

(% is calculated by checking if class boundary contains input features. [f ¢; = 1, a fine searching process is

performed by comparing input feature with those stored templates. If (' = 0, the fine searching process can
he omitted, so the computation load can be reduced significantly. The SCN can be aggregated as a hybrid
neurons conceptually as shown in Figure 1(h). The inputs of the aggregated SCN is features I, as well as
the constant fuzzy feature ranges fr. The outputs of the aggregated SCN ave status A’ and membership
degree ',

Avchitecture of the proposed FNN  The proposed FNN uses a set of SCNs and a MAXNET to perform

pattern identification in the proposed face recognition system. Figure 2 demonstrates the architecture of the

proposed FNN. The number of SCNs in PNN depends on classes of training samples. When signals put on

input terminal. all SCNs perform coarse-to-fine searching operation simnltaneously. Status and membership
degrees of each SCN then fed into MAXNE'T in output layer to make final decision.

Learning in Fuzzy Neural Network NN dynamically constructs its structure through training pro-
cess. Training samples comprise feature vectors and class label. Teature vectors as well as fuzzy feature
range in input terminal are applied to extend class boundary. Class label guides the construction process
of FNN. When input training sample, FNN compares class Jabel with SCNs’
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If there is no SCN corresponding to the specified class label of training sample, then a new SCN is added
into FNN. The new SCN consists of a class neuron and a template neuron. Let a training feature vector be
I'=(I1,ls...., I;), and class label be ¢*. An FNN constructs a new SCN which includes a class neuron
" and a template neuron T¢ . The class weights of €' are set as

o= L= afy,

e o= I+ af,

. . .- . L . - . L
where o is a constant and fi is a fuzzy feature range in input terminal. The template weights of 7] 1s set
as input feature vector, that is

for every k.

If an FNN has an SCN corresponding to the specified class of input vectors, then the FNN updates class
boundaries of SCN and stores the new template into SCN. Assume the target class label is *, the class
boundary will be adjused as follows:

i (old)

57 = min{l, Ay — aFy}and
i (new) i (old) 5
i ) = max{r, U T+ a ),

where 0 < o < (0.5 is constant. Assume there are already j templates in the ¢*th SCN, store the input
vector as the (J + 1)th template, that is:

wh —
Wiy = Ik,

for each k.

Recall in Fuzzy Neural Network The recall process of an NN contains three stages. They are coarse
searching, fine searching, and output response. In the coarse search stage, Equation (3) is used to calculate
the status of an SCN. For those SON whose class boundary can cover input feature are activated and chosen
as candidate classes for fine searching. If more than one SCN is activated, a fine searching on templates is
needed to calculate the best matched output class. In the fine searching process, Equation (4) is used to
calculate the similarity degree between mput features and the stored templates. The Gaussian function in
template neuron 1s used to calculate a fuzzy similarity degree which value ranges from 0 to 1. Each SCN
outputs the maximuwm membership of its templates to compete the final output class. That is, the best
similarity degree of SCN is fed into MAXNET so that the final decision can be made. The lateral inhibition
mechanism of MAXNET suppresses SCN with smaller output membership degree. When equilibrate, only
one SCN which has nonzero output response is chosen as output class.

4. Experimental Results

To test the effectiveness of proposed face recognition system, a face database provided by Olivetti Research
Laboratory[3] is used to conduct experiments. Face images in face database are normalized in advance.
That ig: the size, orientation, and position of a face are roughly the same. Two measures, recognition
rates and matching speed, are used to compare the performance of the above mentioned linear mapping
techniques.

The experimental results of recognition rates are shown in Table 1. [t can be found that an FLM has
minimum error rates among three feature extraction methods. Only an exception occurred when training
number is 8, PCA has smallest error rates. So, better generalization ability of new linear mapping (LM) is
verified.

Table 2 lists the searching rates of Nearest Neighber Classifier (NN) and Fuzzy Neural Network (FNN).
The lower the searching is, the faster the matching process is. Because NN calculate distances between
input feature and all stored templates, so the searching rates is 100 percent. The proposed fuzzy neural
network need not search all templates. However, searching rates of FNN depends on fuzzy class boundaries.
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Table: 1: Error rates of three linear mapping technique

No. of Training Face | No. of Testing Face PCA LDA FLM
30 400 15.06 21.35 14.10
120 400 7.95 12.78 7.60
160 400 4.90 8.92 4.30
200 400 2.80 4.90 2.45
240 400 1.70 1.70 1.45
280 400 0.95 0.85 0.65
320 400 0.25 0.40 0.30
360 400 0.10 0.15 0.10

Table: 2: Comparison of searching rates of three linear mapping technique

No. of Training Faces | No. of Testing Faces NN FNN
80 400 100 37.97
120 400 100 54.74
160 400 100 55.79
200 400 100 55.64
240 400 100 58.23
280 400 100 59.97
320 400 100 63.07
360 400 100 64.75

5. Conclusion

In this paper, a fuzzy linear mapping is proposed to perform feature extraction with better generalization
ability than the conventional statistical methods, PCA and LDA. A fuzzy neural network is proposed also to
accelerate the feature matching process. Experimental results shows that the proposed fuzay linear mapping
and fuzzy neural networks has two advantages. First, higher recognition rates are achieved. Second, fast
matching process can be expected. Thus, this face recognition system can fulfill the two requirements, high
recognition rates and fast matching speed.
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Fig. 1: Illustration of Super Class Neuron (SCN). (a) is detail architecture of SCN, while (b) is aggregrated SCN conceptually.
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Fig. 2: Architecture of Fuzzy Neural Network.
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