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Abstract

In this paper, we propose a new technique which deals with the
non-trivial problem of human face recognition. This technique is based
on two main steps. The first step is an unsupervised fuzzy learning
algorithm, which detects the classes supposed present in the learning
database and provides a prototype or representative for each detected
class. The second one is an artificial neural network which uses these
prototypes in order to determine the separating boundaries of classes
in the data space. To show the effectiveness of this technique we also
present the results of its application to typical examples of real test
data.
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1 Introduction

Face recognition is an important task in many fields and applications. It is very
easy for human beings but very hard to automate [1]. In practice, applications
of automatic face recognition include access control, video-surveillance, iden-
tity verification, etc. The problem of automating the process of human face
recognition is very complex and depends on many parameters such as lighting
conditions, facial expressions, positions and orientations of faces.
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During the last years many methods for human face recognition have been
proposed in the literature [2]. These methods can be classified into three
categories: analytic or geometric methods, appearance based methods, and
hybrid methods.

The geometric feature based methods use properties of facial features such
as eyes, nose, and their relations. The appearance based methods, such as lin-
ear discriminant Analysis (LDA) and independent component analysis (ICA)
are essentially based on the classical technique of principal components anal-
ysis (PCA). And hybrid methods that combine between them [2].

The method we present in this paper combines two algorithms. The first
algorithm is an unsupervised fuzzy learning step that analyzes the available
data of images, i.e. the learning base, in order to seek homogeneous classes of
faces [3]. Its output consists in a set of c prototypes that represent each one of
the c detected classes [4].The second is a three-layer perceptron which we train
to detect the separating boundaries of classes using the back-propagation algo-
rithm with the c prototypes produced by the first step as a learning database
[5, 6].
The paper is organized as follows: section 2 gives a description of the proposed
method; section 3 presents and discusses the results obtained by this technique
for several examples of test data sets corresponding to real images taken from
specialized literature. And we draw the conclusion in section 4.

2 Description of the proposed method

In this section we describe the two steps of our technique. The first step is the
unsupervised clustering algorithm. The second one is a neural network of mul-
tilayer perceptrons type, using for its training algorithm the back propagation
of error.

2.1 Unsupervised fuzzy learning algorithm

This step is a fuzzy learning algorithm that sequentially explores the images of
the learning base and analyzes their similarities in order to detect homogenous
classes. Each datum is presented as a p-dimensional object vector, where p
denotes the number of pixels forming the image. The similarity between two
vectors i and k is calculated according to the measure [3]:

s(i, k) = 1− d2(xi, xk)

p
(1)

where

d2(xi, xk) =
p∑

j=1

(xij − xkj)2

r2j
≤ p (2)
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One interesting property of this measure concerns the particular case where
one of the two objects, say i, represents the prototype of a class. In this case
s(i,k) can also be interpreted as the membership degree of k to the ith class.

uik = s(i, k) (3)

The classification step proceeds as follows. Using the first element,x1, of the
learning database, we create a first class putting c=1 and v1=x1, where v1
denotes the class prototype, whose initial value is fixed to x1. The n-1 remain-
ing objects, x2,x3,...,xn, are then sequentially examined. For each xi, 2≤i≤n,
two cases are considered depending on the similarities between xi and the c
prototypes of the already detected classes.
The first case occurs when:

simmax < ζ; simmax = max(i 6= k){s(xi, xk)} (4)

Where Simmax is the maximum of similarity that xi has with the prototypes
of already detected classes and ζ is threshold to be fixed. In this case we
consider that xi cannot provide from the existing classes, which means that a
new cluster is detected. The number of classes is then incremented (c=c+1)
and the prototype of the class is initialized to xi (vi=xi).
The second case:

simmax > ζ (5)

In this case we consider that xi belongs to the C already detected classes
and we use this information to update their prototypes according to the rule:

vi(k) = vi(k − 1) +
uik

ni(k)
[xk − vi(k − 1)] (6)

Where ni(k) denotes the fuzzy cardinal to the class i after analysis of xk.

ni(k) =
k∑

j=1

uij (7)

The following pseudo code gives a description of this algorithm

Given a set of vector unlabelled objects

X = {x1,x2........xn} (8)

Select a minimum similarity threshold ζ
Initialize

• The number of classes C=1;
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• The prototype of the first class v1=x1;

For i=2 to n do{ If Max Sim(i,j) < ζ Then (C=C+1; vi=xi) else
Update the existing prototypes vj according to the rule (6)}

Recalculate

• U=(u1,u2,.....uc) using the equation:

u(ik) = [
j=1∑
c

(
||xk − vi||
||xk − vj||

)

2
m−1

]

−1

(9)

• V=(v1,v2,.....vn) using the equation:

vi =

∑n
k=1(uik)mxk∑n
k=1(uik)m

; 1 ≤ i ≤ c (10)

Return C, U and V

Generally, in absence of any prior information to choose a good value for , this
parameter is automatically varies within the interval defined by:{

ζ(min) = min(i 6= k){s(xi, xk)}
ζ(max) = max(i 6= k){s(xi, xk)} (11)

Appling the unsupervised fuzzy learning algorithm for different similarity
values we obtain C-partitions for the data. To have judgment about the qual-
ity of these partitions we use two performance indicators which are used to
determine the optimum value of the number of classes. In this paper we are
going to focus on two validation criteria [7], the partition coefficient (PC) and
the coefficient of the entropy (H). These indicators are based on the properties
of compactness and separation of classes.

• Partition Coefficient (PC):

PC =
1

n

n∑
k=1

c∑
i=1

(uik)2 (12)

This coefficient is a measure of the quality of the partition defined by the
matrix U. This coefficient is between the two limits 1/c et 1.Its maximal
value, 1, is obtained for any traditional partition (not fuzzy) for X where
uik =1 or uik =0 ∀ 1≤ i≤ c et ∀ 1≤ k≤ n. Its minimal value, 1/c,
correspond to the fuzzier partition for which uik=1/c ∀ 1≤ i≤ c et ∀
1≤ k≤ n. This coefficient is interpreted as measure of the difference
between the obtained partition and the fuzzier partition, so it should be
maximize.
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• The coefficient of entropy (H):

H(U) = − 1

n

n∑
k=1

c∑
i=1

[uik loga(uik)] (13)

The entropy is a quantity that represents a comprehensive measure of
fuzziness in the partition defined by the matrix U, which varies between
two limits 0 and loga(c). This coefficient is interpreted as measure of
ambiguity if we decide to affect xk to an unique class based only on our
knowledge of its membership degrees uik 1≤i≤c. It should be minimized.
H(U)=0⇐⇒ PC(U)=1⇐⇒ U is a non-fuzzy partition.
H(U)=loga(c)⇐⇒ PC(U)=1/c⇐⇒ U is the fuzzier partition.

2.2 Multilayer perceptron

The artificial neural network (ANN) can be defined as a mathematical model
that simulates two essential skills of the human brain which are learning by
example and generalization [7, 9]. The multilayer perceptron (PMC) is an
artificial neural network. It is built in three layers. The input layer for receiv-
ing vector object multidimensional data, the output layer which provides the
results and an intermediate layers called hidden layer that allows determine
the boundaries of the separation between the classes in the data space [5, 6].

Figure 1: Architecture of three layer perceptron

A characteristic of the PMC, which justifies their extensive use, is the
existence of a learning algorithm that minimizes the overall error at the output
of the network. The following pseudo code gives a description of the learning
step of the PMC.

1. Choose: the number of classes, the number of neurons in the
hidden layer and the number of iterations tmax.

2. Initiate
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• The number of iterations t=0.

• Initiate randomly the synaptic weights of all neurons.

3. • By propagating input, evaluate the output yi, t of each neu-
ron i with k inputs using the activation function

y(i, t) =
1

1 + e{(−v(i, t))}
; v(i, t) =

j=1∑
k

w(ij, t) ∗ xj (14)

• In the back propagation of error signals observed in the
output, adjust the synaptic weights w ij,t according to the
learning rule:

w(ij, t+ 1) = w(ij, t) + η ∗ δ(i, t) ∗ y(j, t) (15)

4. t=t+1 If ‖w(t)-w(t − 1)‖ <ε and t<t(max) go back to 3) else
return the parameters of matrix learned wt.
Where:

• ω(ij) :the synaptic weights the two neurons i and j in iter-
ation t.

• υ :the activation threshold.

• η :the learning rate.

• δi, t :the local gradient.

• ε :the error value set by the user.

3 Numerical result and discussion

To illustrate the ability of our method in classifying and recognizing human
faces, we will present in this section the results of its application to test data
faces. These data account for 15 digitized images of real form of bitmap images
180, pixels wide and 200 pixels high, where each pixel is coded on 24 bits, as
shown in Table 1 below.
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Table 1:Three classes of face images corresponding to three different persons.

The 15 images are divided into three different classes consisting each of 5
images of the same a individual. For all the data we ran the learning stage
using all values of ζ between ζmin and ζmax, the table 2 displays the minimum,
the maximum and the average inter-object similarities.

ζmin ζmax ζmoy
27.62 93.19 53.50

Table 2: The similarities measure

In Table 3 we report the results of the first stage of analysis, that is to say, the
detection step of homogeneous classes supposed present in all 15 images.

Threshold ζ(%) C H PC
≥49.15 2 0.841 0.05
≥55.65 3 0.626 0.622
≥64.15 4 0.721 0.474
≥68.65 5 0.553 0.568
≥74.15 6 0.620 0.484
≥75.65 7 0.0.661 0.430

Table 3: Results of detection of classes

The first column of Table 3 shows the values of similarity thresholds from which
the decisions to create new classes are taken. The second column shows the
number of classes detected for each range of ζ values. The last two columns
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show the values taken by the two validity criteria for each partition with c
classes. The first criterion is the partition entropy that should be minimized.
The second criterion is the partition coefficient which is to maximize. There-
fore, these two criteria are used to determine the optimal number of classes
where this information is not available in advance. From the table, the two
criteria indicate the correct number of classes c = 3.
The determined prototypes are then past to a multilayer perceptron. It uses
them as a learning base to determine the boundaries of the separation between
classes in the data space. The architecture of this artificial neural network,
that is to say, the number of layers it contains and the number of neurons per
layer can be adjusted empirically based on the intended application.

In our case and after several trials, a three layer architecture has been
adopted with an input layer, an output layer and a hidden layer. Thus, the
structure obtained was trained through the back propagation algorithm for the
error [9] which aims to minimize the global error defined by:

E(n) =
1

2

c∑
k=1

(yk − dk)2 (16)

Where C is the number of neurons in the output layer, where yk and dk,
respectively, the observed output and the desired output at the kth output
layer.

After the learning phase of the PMC described previously, is the phase
of generalization to which we will use other images to test the ability of the
PMC to recognize images. For this we will use for each class 5 test images for
example for the class A we will use 5 images a-test.1 so a-test.5. Finally Table
4 recalls for each of the 15 test images analyzes the original class (column 2
of Table), that is to say, the corresponding individual, and match the class to
which the image has been affected by the neural network (column 3). This
table shows that, after the learning phase of neural network has an automatic
recognition of face images test with an error rate of 0%. This is an excellent
result.
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Image Class class Misclassification
orginal Suggested by the algorithm errors rate

a-test.1 A A
a-test.2 A A
a-test.3 A A Class A:0%
a-test.4 A A
a-test.5 A A
b-test.1 B B
b-test.2 B B
b-test.3 B B Class B:0%
b-test.4 B B
b-test.5 B B
c-test.1 C C
c-test.2 C C
c-test.3 C C Class C:0%
c-test.4 C C
c-test.5 C C

Table 4: Face recognition results

4 Conclusion

In this paper we have presented a new hybrid technique which deals with the
problem of automating the process of human face recognition. The technique
proceeds in two stages. The first one is an unsupervised fuzzy learning algo-
rithm that detects classes and provides their prototypes which characterizes
each detected cluster. The second is a recognition stage based on an artificial
neural network that uses these prototypes s a learning base.

The results of the classification and the recognition of an actual data show
clearly that our tests are very encouraging for the continuation of this study.
As an example of future work would be study the possibility of optimizing
algorithmic parameters in order to increase the robustness of the model and
the possibility of using it for other types of data.
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