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Abstract

The purpose of this paper is to present a neuro fuzzy approach to
the problem of automatic recognition of human faces. This approach
is based on a Kohonen neural network (ANN), which we have trained,
in unsupervised way, using a fuzzy competitive learning algorithm pre-
viously designed, implemented and tested on real images. Illustrative
examples that demonstrate the effectiveness of this approach will be
presented in this paper.
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1 Introduction

Face recognition plays an important role in various fields including security.
It is extremely easy for a human operator, but still out of reach of modern
computers [1]. Automation of this task requires the development of intelligent
systems capable of simulating the capabilities of the human brain and artificial
neural networks (ANN) is one of the most promising for the realization of such
systems [2,3]. The ANN may be defined as mathematical and computer mod-
els that simulate two essential skills of the human brain: learning by example
and generalization [4]. The purpose of this paper is to present an ANN that we
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Figure 1: Kohonen neural network.

designed for the automatic recognition of faces. This is a neuro-fuzzy model
in the sense that the network learning is performed using a fuzzy algorithm
[5-8].
In the next section we give a brief description of the ANN used in this study.
Section 3 is devoted to the concept of unsupervised competitive learning that
underpins the learning algorithm used for training of the ANN. The algorithm
itself will be also briefly described in this section. Numerical results and dis-
cussion are the subject of Section 4. Finally, a conclusion and perspectives for
further work are ending the paper.

2 Kohonen neural network

A Kohonen network is a special case of ANN (figure 1), which can be trained
in two different ways: supervised and unsupervised way [8-10]. Its architecture
has only two layers: an input layer which serves to receive vectors that repre-
sent the objects to recognize and an output layer where each neuron represents
a prototype from the c possible classes to which the received object can belong.
The number of neurons in the input layer equals the number of components of
the vector objects, and the number of neurons in the output layer equals the
number of classes in the database.
The first rule that was proposed in the literature to train this kind of ANN is
the LVQ algorithm based on the concept of competition [8]. In this algorithm,
each time a vector object xk is presented to the network, c neurons of the out-
put layer compete to qualify for the adjustment of their weights by exploiting
the information provided by xk. The neuron that wins the competition is the
one whose weight vector minimizes the distance with xk, and this vector will
be adjusted according to the rule:

vj,t = vj,t−1 + ηt−1(xi − vj,t−1) (1)
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Figure 2: Kohonen neural network based system.

The disadvantage of this rule is that it adjusts only one prototype at a time,
resulting in poor use of information provided by the vector object to be ana-
lyzed. To overcome this drawback we proposed a fuzzy generalization of this
rule. The algorithm resulting from this generalization, called fuzzy competitive
learning (FCL) is described in the section below.

3 Unsupervised fuzzy competitive learning

Learning or training is the process of adjusting, in an iterative way, the con-
nection weights between neurons to ensure that the network becomes capable
of performing a well defined task.
Training an ANN in general requires a set of examples that must be large
enough to allow the network to generalize, that is to say to recognize examples
not used in the learning stage. When there is no prior knowledge on classes in
original sample, which means when these examples are not labeled, learning is
said unsupervised in the sense that the network must categorize by itself the
examples and identify different classes in the training set. The learning rule
we propose in this work is competitive because neurons compete to qualify for
the adjustment of their weights. But it is also a fuzzy rule because, contrary to
LVQ which allows only one winner, it allows more than one neuron to win the
competition but with different degrees. The calculation of membership degrees
of the object presented to the network for each class is performed using the
relationship:

uji,t =
‖xi − vj,t−1‖−2

∑c
r=1 ‖xi − vr,t−1‖−2

(2)

Finally, the adjustment of synaptic weights vectors of winners is done by fol-
lowing the rule:

vj,t = vj,t−1 + ηt−1
∂Ei,t

∂vj,t−1

(3)
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Figure 3: Steps of data extraction.

with :

Ei,t =
c∑

j=1

uji,t‖xi − vj,t−1‖2 (4)

so that :

vj,t = vj,t−1 + 2cηt−1(u
2
ij,t)(xi − vj,t−1) (5)

where vj,t−1 and vj,t denote the prototype vector of class j before and at iter-
ation t, and ηt the learning rate at iteration t.

4 Numerical results and discussion

To illustrate the ability of the model described in the previous section to clas-
sify and recognize data images of faces, in this section we present the results
of its application to dataset of test commonly used by experts in the field to
test and validate their models. These data come from the data images of the
project ”computer vision” [11]. We choose from this dataset 200 different im-
ages of faces of 20 different individuals where each individual is represented
by a sample of 10 images. These images are scanned as bitmap files with a
horizontal resolution of 180 pixels and 200 vertical pixels. Before extracting
data table from each image, we proceed to a conversion to gray level (Figure
3).
Figure 4 gives an idea of the evolution of the quality of learning during the iter-
ations, which means the model’s ability to recognize the data used as training
examples. Examination of this figure shows that through iterations the qual-
ity of learning increases gradually to expect stabilization. This demonstrates
the effectiveness of the fuzzy competitive learning technique proposed in this
work. Figure 5 shows, for eight different individuals randomly chosen from
the database, how prototypes change with the iterations during the learning
stage. It is clear from this figure that the quality of prototypes increases with
time, reflecting the model’s ability to learn well the characteristics of classes
and produce prototypes of these classes that can serve as a basis for the rule
making or learning to be used in the generalization to recognize pictures of
faces not seen in the learning stage, which is needed in practice to optimize
the recognition process.
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Figure 4: Evolution of the quality of classification over the iterations.

Figure 5: Examples of prototypes generated by FCL during the iterations.

5 Conclusion

In this paper, we outlined simulation results of a neuro-fuzzy model for au-
tomatic recognition of facial images. We opted for an architecture of Koho-
nen neural network and an unsupervised learning algorithm and we placed
in the most sensitive case, but also the most encountered in practice, where
no prior information on the images to classify and recognize. Examples of
results that have been presented in this paper, using a test dataset used by
other researchers, are very encouraging for the satisfactory continuation of
this study, for example to study the possibility of optimization of parameters
such as learning rate, the initialization protocol, and this in order to increase
the robustness of the model and the possibility to use it for other types of
applications.
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