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Abstract

Kohonen’s self-organization algorithm, known as
“topologic maps algorithm”, has been largely used in
many applications for classification. However, few
theoretical studies have been proposed to improve and
optimize the learning process of classification and
clustering for dynamic and scalable systems taking into
account the evolution of multi-parameter objects. Our
objective in this paper, is to provide a new approach to
improve the accuracy and quality of the classification
method based on the basic advantages of the Kohonen’s
self-organization algorithm and on new network functions
to pre-eliminate the auto-detected of drawbacks and
redundancy.

l. Introduction.

The self-organizing map of Kohonen (CAD), is
a model of artificial neural networks (ANN) widely
used in different domains, particularly the classification
and clustering of multi-parameter objects. These
intelligent systems are characterized by special abilities
such as learning, adaptation and the possibility of
visualization of Multiparameter objects with a reduced
space. Other paradigms can beings used, such as retro-
propagation network (Conter-propagation) and Back-
propagation, both types unlike the SOM map based on
supervised learning algorithms that requires advance
preparation of desired outputs. Our objective is to
reveal the ambiguities and obstacles that may limit the
application of this paradigm in the different domains of
human activities, and find possible solutions to
eliminate them. To reach the desired result, we made a
preliminary theoretical study of the learning process,
and perform experimental tests. On the basis of
analysis of results achieved, we fixed the nature and
details of the problem and proposed a solution already
practiced and justified theoretically can eliminate the
obstacles detected.

Il. The process of classification and clustering of
multiparametrics objects with the self-organizing
map of Kohonen.

The artificial neural networks develop rules for
a well-defined resolution, which allow classifying the
multi-parametric objects (events, situations, processes).
Unlike classical classification methods, the RNA used
to create a biological information model of the human
and other beings brain.

The model of the Kohonen network uses the
competitive learning method [3], this procedure
distribute the objects of the learning multitude on
clusters inherent to the regrouping of the input data [4].
During learning, the neurons are competing, and the
network fixed the winners neurons for each group of
similar input objects. The fixed neurons form the
centers of the clusters. The metric used in this
operation is the Euclidean distance between the
synaptic weights vectors, and input objects vectors.

A. The structure of the Kohonen neural network.

The Kohonen network is composed of two
layers: the input layer and output layer — precisely
SOM. The elements of the map are dispersed in a space
- usually one-dimensional or two-dimensional. The
inputs data are presented as a matrix, the rows are the
vectors of objects and the columns are the components
of these objects.
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Fig.1.1. Structure of the Kohonen map.

The objects are presented to the network input one
by one the idea of learning, is the application of
successive rapprochement method, beginning with the
random choice of the disposition of cluster centers,
then the algorithm gradually improve them to perform
the learning data clustering [5-6].

B. The Kohonen network learning algorithm.
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The learning idea is application of successive
rapprochement method, beginning with the random
choice of the disposition of cluster centers, then the
algorithm gradually improve them to perform the
learning data clustering [5-6].

The learning procedure begins with the
normalization of input data and synaptic weights to
reduce the learning time [7]. This operation based on
the following algebraic formula:

(1.1)

Where: x; - input object component or of vector of
synaptic weights;
n - The number of variables in the vector x.
The main learning algorithm passes successively
through a series of iterations. In each one the learning
object vectors are presented successively to network
input, and the desired output are absent. At the end of
this procedure the topologically adjacent neurons,
respond to similar input vectors.
To fix the winner’s neurons, using the metric of the
Euclidean distance [4] see formula below:
kiwy, —x| <|w, —X| Vo (1.2)
Subsequently the algorithm performs a correction
of synaptic weights to gradually minimize the distance
between the neurons winners and input objects. For this
correction using the following formula [4]:
Wi () = w; (O + 4 (DN(d 1)y, —w; ©] 2.3)
Where: y; - the value of the output neuron i;
wi; (t) and wy (t +1) - the synaptic weights in
iteration tand t + 1 iterations.
ai(t)- learning rate, this coefficient can have a value
between 0 and 1, and is calculated using the
following equation:
a; = aget 1.4)
Where: i - the iteration number;
t - the iteration rate.
h(d, t) - neighborhood function, it is written according
to the formula below:

0, d=>6&(t)
h(d, t) ={ (= (1.5)
eT@, d < 8(t)
5(t) = 609(_£) (1.6)

Where: d- the distance between the winner neuron and

an X neuron.
6 - Constant.
n
H= log10(80) (17)

n — lteration rate.

The learning process will be continued up to the
stabilization of the self-organizing map.

C. The classification and clustering process with
Kohonen's self-organizing map: The
experiments results.

The test is performed to fix the impact of data
normalization on the learning process, and the
revelation of the restrictions which may limit the right
application of the network in different domains.

The data used in the test are structured to form a
matrix of a dimension of (8X3), whose lines present
the input vector objects. Among these objects, there are
two similar objects (Input 1 and 5), four objects having
linear regularities between its components (Inputs 0, 4,
2 and 6) and two other normal objects (Inputs 3 and 7)
see Tab.1.1.

Input Initial data after
s N° data normalization

6 0,74 0,37 0.55

7 | 0,47 057 0,66
a 0,42 0.70 0.56
39| 0,22 0,55 0,80
0,74 0,37 0.55
7 | 0,47 057 0,66
12| 0,42 0,70 0.56
42| 0,23 0,62 0,74
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Tab.1.1 Input vectors Normalization (Matrix 8x3).

The result presented in Fig.2 show that the network
designated a winner neuron for each pair of similar
objects (1, 3, 5 and 7) and two different winner’s
neurons for both normal objects which seems normal.
But for linear inputs objects (0, 2, 4 and 6) the network
has fixed a single winner neuron for each pair that does
not conform to our wishes.

BEEE DOMMES INITIALES nasm

LA DIMENSION DE VOTRE CARTE SOM : 25
LE NOMERE MAXIMALE D' ITERATIONS : 1000
L’EREUR D'APPRENTISAGE MINIMALE : 8.881
LE TAUX D'APPRENTISAGE INITIALE : 2

ITERAT I ONS 1%
TAUX D"APPREN : 1.67891
E : 1.77154
INPUT UECTOR : 8
EREUR MOYENNE : 9.00068341

CLASSIFICATION DE DONNEES

ENTREE <1> =>
VINNER <1,.4)-> -
ENTREE 2> =3 "0.474264" 0. 702107 0.505685 . N .
VINNER <0,2)->__ 0.424264 0. 207197 9.565685.V '\ Sames Objects

ENTREE <3) =5 9.226986 §"0. SN
VINN A= 2368

Y

W= P Linares Objects

ENTREE <5) ->
VINNER <1.4>->

ENTREE <6> -3 T0.424264 0.702107 8.585685 4 different Objects
VINNER 9,2)-> _ 9.424264  9.707187 B.565685

ENTREE <75 -3 '9.231333  0.622819  9.747383 4

VINNER €3,2)->  9.231349 0.623026 9.747221

Fig.1.1 Learning results of the self-organizing map Matrix
8X3.
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The theoretical analysis and experimental tests
show that the possibilities of the card in the
classification and Clustering task of multiparameter
objects are limited by the loss of certain information
about objects (the initial length of vectors). This loss is
caused by the need of the input vectors normalization.
So the practice shows that the speed and learning term
depends on the size and complexity of the data
multitude. Our perspective is to develop intelligent
systems based on neural network models with
competitive learning. These systems will be
characterized with news capabilities to identify and
classify correctly the linear or nearly linear objects.

Il. The possibilities of the principal component
analysis method.

The principal component analysis (PCA) is a
way to identify regularities in the data, and to express
data so as to highlight their similarities and
differences. The main advantage of the PCA is that
once these regularities are found in the data, it can
eliminate them and compress the data by reducing the
number of dimensions, without losing too much
information. This technique can beings used to filter
the data and make it suitable with the Kohonen map.

A. The algorithm of the principal component analysis
method.

The principal component analysis is a way to
identify patterns in the data, and expressing data so
as to highlight their similarities and differences.
The main advantage of the (PCA) is that once these
patterns are found in the data, it can compress data
by reducing the number of dimensions, without
losing too much information. This technique is the
basis of our method to achieve our objectives
referred to in this work.

The initial data is organized as an array, whose
rows are the individuals (objects) and columns
present variables (Components) see figurel.

Vartables
L.
- X : Tableau de domées
Xij : Valeur de la iéme
observation pour la jiéme vanable
Xj

Xi. : i2me observation du fablean

SNPIATpU]

X.j : jiéme variable du tsbleau

1 ; effectif des mdividus

P : nombre de variables

Figure.2.2 The initial array data

In the first step, the algorithm calculates the vector
of main point g. This point is the center of the points
cloud in a space F. See the formula below.

gt = (&4, ..., xP) (2.1)
ou : x/ =% o

At the base of the vector g is calculated the data
centered matrix, which is written in terms of X of the
following way:

Y=X—-1g" (2.2)
Where: ¢* is the transposed of g.

The term centered signifies that the means of the
variables y/ are zero.

The centered data matrix Y is used in this step for
calculating the variance-covariance matrix V, which is
written according to the following way of Y:

V==vty (2.3)
Where: Y is the transposed of Y.
The V matrix is presented as follows:

51 . . Sip
- s
V=
Spl - .« Sp

Where: Sy, is the covariance of the variables k and |,
and S, is the variance of the variable k.

In the last step and to develop the correlation matrix
R, we calculate the two diagonal matrices

D, s et Dy s as a function of V for the following way.
1
Diag (V)

24

Dy/s2 =

1
" Diag(D,/g2)

25

Dys

The correlation matrix R comprises the coefficients
of linear correlation between p variables taken two by
two. It sums and shows the structure of linear
dependencies between p variables. It is symmetrical
and her diagonal is composed of 1. R is written
according to the following way of V:

R =D,V Dy s

2.6

Where: Dy is the diagonal matrix containing
1

TR é on its diagonal.

After calculating the matrix R using the iterated
power method, to search the Eigenvectors that
constitute the rows of the resulting matrix M of input
objects.

X110 X1
M = ’ :

Xn1 " Xu
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I11. Conclusions.

The results of this work show that the
Kohonen network exceeds other means and
methods used for classification and clustering
multi-parameter objects, through its characteristics
derived the animal brain, and the special abilities
such as learning, adaptation and the possibility of
visualization of multi-parameter objects with a
reduced space.. This phenomenon can beings used
to perform intelligent systems and apply them in
various fields, but these opportunities can beings
limited by restrictions detected. So these obstacles
can beings removed by the preliminary data
treatment at the base of the principal components
analysis method, which filters and removes
regularities in the data.
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