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Abstract: - The choice of the Kohonen neural network architecture has a great impact on the convergence of
trained learning methods. In this paper, we generalize the learning method of the Kohonen network. This
method optimizes the Kohonen network architecture and conserves the neighborhood notion defined on the
observation set. To this end, we model the problem of Kohonen network architecture optimization on the terms
of a mix-integer non linear problem with quadratic constraints. In order to solve the proposed model, we use the
nues dynamics method. In this context, the continuous Hopfield network is used in the assignment phase. To
show the advantages of our method, some experiments results are introduced.
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1 Introduction

Artificial Neural Network often called as Neural
Network. It is a computational model or
mathematical model based on biological neural
networks. Neural networks are very powerful tool to
deal with many applications [4].

The Kohonen algorithm, which falls within the
framework of algorithms quantification vector and
the method of k-means algorithm, is an automatic
classification method. It is the origin of Self-
Organising Maps (SOM)[14]. This unsupervised
learning method, of one layer, can be seen as an
extension of the algorithm of pattern recognition
and the automatic classification algorithms [2]-[3].

As the training stage is very important in the
SOM performance, the selection of the Kohonen
network architecture is one of the most important
aspects of neural network research. The choice of
the Kohonen neural network architecture has a great
impact on the convergence of trained learning
methods. The optimization of the artificial neural
networks architectures, particularly  Kohonen
networks, is a recent problem [6]-[21]. In this
context, the first techniques consist of building the
map in an evolutionary way: allowing, adding
neurons and deleting some others. The methods that
proposed in the literature could be broadly classified
into two categories: the first one fixed a priori the
size of the map in an evolutionary way; the second
category allowed the data themselves to choose the
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dimension of the map. The number of artificial
neurons in the topological map of Kohonen
randomly often chosen although the latter has a
great influence on the learning phase of the
Kohonen network.

In this paper, we model the problem of the
optimization of Kohonen network architecture in
terms of a mix-integer non linear problem with non
linear constraints. The cost function of the proposed
model contains two terms: the first one controls the
geometrical error and constructs the topological
order; the second term controls the size of the
topological map. The proposed model optimizes the
Kohonen network architecture and conserve, at the
same time, the notion of the neighborhood defined
on the observation set. Basing on this model, we
propose a new learning classification method by
giving a learning rule in the minimization phase.
Because of its effectiveness in solving the
optimization problems, the Continuous Hopfield
Network (CHN) is used in the assignment phase [7]-
[8].

This paper is organized as follows: the section 11
describes the algorithm learning Kohonen networks.
The continuous Hopfield network is described in the
section I11. A new model to optimize the Kohonen
network architecture is proposed in section IV. The
section V is devoted to present a new training
algorithm based on the CHN and the proposed
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model. Finally, some computational experiments are
represented.

2 Kohonen Topological Map

The Self-Organizing Map (SOM), proposed by
Kohonen, is an unsupervised neural network. It
projects high-dimensional data onto a low-
dimensional map [14]. Such projection preserves the
topological relationship defined into the data space;
therefore, this ordered map can be used as a
convenient visualization surface for showing
various features of the training data. For example,
cluster structures [13].

The Kohonnen network has one single layer. It
called the output layer. The additional input layer
just distributes the inputs to output layer. The
neurons of this latter are arranged in a matrix (Fig.
1). The number of neurons on input layer is equal to
the dimension of input vector. Kohonen has
proposed various alternatives for the automatic
classification [14], and presented the Kohonen
topological map. The Kohonen model calculates the
Euclidean distance between input data * and
weights w .

g(w, x) =Pw—-xP

Fig.1. Kohonen topological map

The structure of the Kohonen topological map
can be defined graph in which the neurons represent
the nodes. Basing on this structure, Kohonen has
defined the discrete distances. For any pair of
neurons(g,i), it calculate a discrete distance &,

where &(g,i) is defined as the length of the shortest

path between g and i on the graph. For each neuron
0, this discreet distance can be defined the concept
of a neighborhood as follows: Vv, ={i/&(g,i)<d},

where d represents the ray of the neighborhood of
the neuron g.

Because of its effeteness in resolution of
unsupervised learning  problems, the  Self-
Organizing Map (SOM) becomes a widely used
method for data visualization. To improve this
method, many variants and extensions have been
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proposed, including the visualization induced SOM
(VISOM) [22]. The ViSOM regularizes the inter-
neuron distances within a neighborhood so as to
preserve distances on the map. The neighborhood
function can be interpreted as a channel noise
model; such a cost function has been discussed in
the SOM community. In the literature, there are
some context-aware SOM variants and typical
examples the SOAN (self organization with
adaptive neighborhood neural network) and the
parameter less PLSOM. Both used the current
mapping error to adjust the internal parameters of
the adaptation process. In the time-adaptive SOM
(TASOM) [18], Kohonen has proposed an algorithm
of self-organization planning space data on a
discrete area of small size. We take into
consideration that the map has two dimensions. For
self-organizing maps, we want to associate with
each neuron a referent of a vector space data. The
algorithm self-organizing maps minimizes a cost
function properly chosen. This cost function must
reflect the most information of the population space.

3 Continuous Hopfield Network
Hopfield neural network was introduced by
Hopfield and Tank [11]-[12]. It was first applied to
solve combinatorial optimization problems. It has
been extensively studied, developed and has found
many applications in many areas, such as pattern
recognition, design systems [18], and optimization
[9]. The Continuous Hopfield Networks (CHN)
consists of interconnected neurons with a smooth
sigmoid activation function (usually a hyperbolic
tangent function).

The differential equation which governs the
dynamics of the CHN as follows:

dy _ y
2 =_2 1
dt T ( )

wherey, v and 1° are, respectively, the vectors

of neuron states, the outputs and the biases. The
output function v, =g(y,) is a hyperbolic tangent,

which is bounded below by 0 and above by 1. The
real values T, and 1P are, respectively, the weight
of the synaptic connection from the neuron i to the
neuron j and the offset bias of the neuroni .

Fory’eIR", a vector y*eIR" is called an
equilibrium point of the differential equation system
Q) if:

3t e IR*, vt >t° y(t) = y°.

Hopfield has introduced the energy function E
on [0,1]" which is defined by:

+Tv+1°
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E(v) = —%VtTV—(l b)‘v+lzn:£ig’1(z)dz
Ti=t

It should be noted that if the energy function (or
Layapunov function) exists, the equilibrium point
exists too. Hopfield proved that the symmetry of
weight matrix is a sufficient condition for the
existence of Lyapunov function [11].

In order to solve combinatorial problems using
CHN, we will write it in form of the energy function
E(v) such that:

E(v) = —%VtTV—(lb)tV 2

The extremes of this function are among the
corners of the n-dimensional hypercube H =[0,1]"
[10]-[17].

The philosophy of this approach is that the
objective  function, which characterizes the
combinatorial problem, is associated with the
energy function of the network whenz — 4. In
This way, the output of the CHN can be represented
as a solution to combinatorial problem. Unlike a
discrete network with the signum (hard-limiter)
activation function, an analog neural network (with
sigmoid activation function with variable slope)
permits to avoid sub-optimal local minima.
Moreover, the analog network is much faster and
more reliable than the discrete neural network with
an asynchronous update [1]-[16]. To ensure the
feasibility of the equilibrium points of the CHN,
some authors propose two steps (hyperplane
method) [20]. The first one involves the
decomposition of the set of the non feasible
solutions into appropriate subsets, based on the
constraints of the General Knapsack Quadratic
Problem. In the second step, the parameters of the
function are selected using the analytical conditions
of the equilibrium points. The generalization of the
energy function and these steps were used to solve
the Salesman Traveling Problem [20], the Job Shop
Scheduling Problem [7] the Graph Coloring
Problem [20] and the Placement of the Electronic
Circuit Problem [8]. Within these papers, the
feasibility of the equilibrium points of the CHN is
always guaranteed.

4 A new optimization model of the

Kohonen architecture maps

The philosophy of the Kohonen method consists of
projecting the observations set into another space of
a small dimension and, at the same time, conserve
the notion of the neighborhood defined on the
observations set. These conservations are realized
by using the kernel function. So, the Kohonen
method is a generalization of the Forgy method [5].
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Since the objective function minimized by the
Kohonen method doesn’t contain any term which
control the size of the map. The last one contains
same unnecessary neurons. These neurons have a
negative effect because they make the learning
process heavier. Moreover, they make the labeling
phase more difficult. To overcome this problem, we
propose, in this paper, a new model that controls the
size of the map, the geometrical error and conserves
the notion of neighborhood which is defined in the
observations set. In this section, we well describe
the construction steps of our model. The first one
consists in integrating the special term which
control the size of the map. The second step gives
the constraints which ensure the allocation of each
data to only one neuron. Finally, we give the
constraints that avoid the allocation of some data to
removed neurons.
3.1 Assignment and decision variables
The relationships between the data and the neurons
of the map are governed by the following
assignment variables:
_ |1 if thei" data assigned to j" neuron.
"I 0 else
Where i=1,..,n, j=1,..,N, n is the number of

data and N is the number of neurons. To control the
size of the topological map we use the following
decision variables.

_ |1, if the j" neuron is used.
Ui =1,

if the j™ neuron is deleted.
3.2 Objective function
This shout out a field of influence around each
neuron of this map, we define the matrix R which
called the neighborhood matrix:
-o(j,1)
T )!

R;, = exp( j,1=1,..,N

6(j,1) is a distance between the neuron jand the
neuronl .

By doing this, we obtain the following cost
function :

n N . . N

DD U R Uy PX =W PP 2D Uy

i=11,j=1 i=t

So that the neurons used will be consecutive, to
avoid, a situation in which the neurons of a 4-class
map can be constructed by 1, 8, 5 and 3, the
variables x; can be penalized with the value gq; in

the objective function;
n N . .
fuw= Y YU R U, PX -w P +> " qu,,

i=11,j=1

The (qg;); must be an increasing sequence:

O<ql<"'<qj<qj+l<"'<qN
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3.3 Constraints
The following family of constraints guarantees that
the assignment of each example to only one neuron:

N
du =1, i=1,..,n 3
j=1

When the neuron 1 is not used, the variable U |

must take the value 0. To this end, the following
guadratic constraint must be added as a new
constraint:

>t )3, =0 @

This constraint can be called "the transmission
constraint”, because it allows to transmit the
information from the variables u,; to the variables

u” .
3.4 Optimization model

To Tak into consideration the cost function, the
allocation constraints and the transmission one, we
obtain the following model which optimizes the
number of used neurons and conserve, at the same
time, the notion of neighborhood defined on the
observations set:

n N N

Min D> u; Ry U PX —w! P+ qu,
i=11,j=1 =

SC:

N

(P) Zi,jzl 1=1,..,n

=1

N n

2 (A-up )y =0

i=1 i=1

uiv_j G{O,l} 1= 01'- 1n J :1,..., N

w! e IRP j=1,..,N

We define the vectors u and g as follow:
_ t
U= (Uggsees Ug gy s Upg ey Uy gy eees Uy e Uy )

q= (qu---’QN)t e IR"
Let (u*,w*) be an optimal solution of the mixed

integer problem (P), we can prove, theoretically,
that the introduction of the second term in the
objective function prevented the number from
tending toN. Several algorithms have been
proposed to solve MINLPs: Branch-and-Bound,
Outer Approximation, LP/NLP -based Branch-and-
Bound, and Branch-and-Cut.

In this part, a new optimization model is
introduced. In order to optimize the architecture of
the topological map (select the optimal number of
the neurons in the map) and adjust the weights
matrix (learning), the number of neurons in the map
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can be chosen between certain bounds in data
function.

The modeling of a variety of decision problems
in areas such as the optimization neural architecture
problems, usually leads to solve non linear mixed-
integer problems. Most of these problems involve
objective function expressed in the polynomial
functions form. We can apply the technique of
linearization or duality method for obtaining
polynomial mixed-integer problem with constraints.
The pertinent work indicates that basically two
approaches are employed in solving polynomial
mixed-integer problems; namely, exact methods and
heuristic methods. The present paper falls in the
latter group, because the linearization procedures
suffer from the increase of the variables and
constraints number and the duality methods needs
extremely high iterative computing for training. In
this mean, we use the Continuous Hopfield
Networks (CHN) to solve the proposed mixed-
integer problem (P).

5 A new training algorithm based on

the CHN and the proposed model

In this section, we use the Continuous Hopfield

Networks (CHN) to solve the problem (P). Since the

problem (P) is a mixed-integer problem with a

polynomial objective function, we will solve it

basing on two steps:

- Assignment phase: we fix the weight vectors
and we solve the obtained problem: the
polynomial assignment problem of integer
variables.

- Minimization phase: we fix the assignment
vectors and we solve the obtained problem: the
non linear optimization problem  with
continuous variables.

First, the weights are initialized as follows:

The vector weights are, randomly, initialized
from the set DS = T1°_, [x™, x™].

where v =max{x;, / i=1,..,n}

XM =min{x’ / i=1,.,n},m=1,..,p.

This choice can be justified by the fact that all
the observations are in the Data. Moreover, we can
prove theoretically that the weights associated with
an optimal solution are in the Data.

51 The continuous Hopfield network

architectures for the assignment phase

At the iterationt, we fix the weight vectors obtained

in the iteration (t-1) and we solve the following

optimization problem with integer variables using
the CHN:

and
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Min ZZu, (R Up, PX —w! P +§quu0,j
=1

i=11,j=1

SC:
e(u)= iui:i =1,i=1,
() = X (1-up,) 30, =0

wi elRP, j=1,..,N
The feasible solutions set of the problem (R) is:

(R)

He ={ue{0,13"™"/ hu)=0 and
- Energy function for the problem (P)

To solve the problem (R) using the CHN a suitable
energy function must be constructed:

n N i i N
E(u) = a(ziﬂz‘” jflui jRj Uy, PX'-w' P +Zj:1qju0,j) +

PR () += ¢Z e WP+ 83" )+
zl =1 O’(l u01)+7/121 12. 1(1_ui,j)ui,j

Taking into account that Y is the neuron output
of the CHN, 1 is the bias of the network and T is
the weights matrix of the connection in the network

with energy function—%v‘Tv—(lb)tv, the weights of

the connections between the (n+1)N neurons are:

TOb od 25b,d Yo
Togap = Tapoa = _aRlId Px* —w’(t-1)P* +p° b, 4
Tioea = (=0 +21)0,:.0, 4 (5)
lo; = -0, — 7,
I = -p°=B-n

Wherea=1,...n, b=1,..N, c=1,.,n and
d=1,.,N

- Parameter setting
A feasible solution is guaranteed by the CHN from a
stability no linear analysis of the Hamming
hypercube corners set:
He ={0,1}"™.
The parameter-setting procedure is based on the

partial derivatives of the generalized energy
function:
For b=1,..,N
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Eqp(U) = GE(U)/ QUyp =y Z u R, PX —w (t-1)P

j=rj b

+ag, - p Z. _ U, +7,(1-2uy,)

For a=1,..,n and b=1,..
E,,(U) = 6E(u)/6uab_azl10,R;,an—wb(t—1)P2

+p° pu0b+¢z 1aj+ﬂ+71(1 2, ,)

e To minimize the objective function, we
impose the following constraint:
a>0

e On the other hand, to penalize the non-
feasibility of the quadratic constraints h®(u)

and the family of linear constraintse, (u), it is
natural to impose the constraint that:

p° >0, ¢>0.

So that the instability of the interior points
ueH-H, is guaranteed, some initial

conditions are imposed on some parameters:
Tonos =27, 20, b=1,..,N and d =1,...,N

T =—#+27,20 for a=1,..,n,c=1,..,n
b=1,..,N, and d =1,..,N
e Given the two types of constraints:
e(u)=1 i=1,..,n
h®(u)=0
e The partition of H. —H. is defined as:
- H" ={h®(u) > 0}. In this case, there exist some

observations x* have been assigned to a non
used neuron b, this means that u,, =0 and

u,, =1; consequently, u,; must be increased so
that the partial derivative E; (u)>e. To
guarantee this, and taking into account that (q,)

is an increasing sequence, the following
condition is imposed:
pf+y+pB>¢.

- H¥ =) =0 J {e@>13}. In this

way, one observation x* has been assigned two

different neurons b and d so that u,, =u,, =1.

As in the previous case, the value u,, will

decrease if E, (u)>¢.

Taking into account that h®(u)=0 and u,, =1,
then u,, =1 in such a way that the following
constraint is obtained:

a(M*t+qy)—p° <-¢
where
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M;—l — maXb{Z:ﬂZ’j\lleij Px —w (t-1) Pz}
H®? ={n° () = 0}~fe, () <T3 . fe ) = 03}

Where k=1,...,n. So, there is misclassified

observation x*, this means that a such that
u,, =0, b=1,.,N and therefore the value u,,

will increase ifE,, (u) <—¢ .

The following constraint is a sufficient condition
toget E,,(u)<—¢:

aM + B+y, <-¢
where  M!™ = max. D R, PX* —W (t-1) P},
with b=1,..,N and a=1,...,n.

We can summarize it as following:

a>0 720 g>0.
—¢+2}lzo '7020.’
pC+7/1+,BZ,$. ’
(M +0,) - p° <

<-¢€

aM1t71+ﬂ+71

N
M = max{D R}, Px* -w’(t-1) P}

ab iz

Where M3 " = max{D > R, PX -w/(t-1)P}  (6)

i=1j=1

Where b=1,..,N and a=1,...,n.

A feasible solution could be the following:
a>0,7,20,6>0,y,=0
$=2y
p° =maxe+aM,  ,aMit +aq, +¢)  (7)
B= _aMltil &N

Given the size of the description space and the
size of the Kohonen topological map, we can
determine the parameters by resolving the later
System (7).We need to fixa ,e and compute the
other parameters.

5.2 Minimization phase

In this step, we fix the variables vector u, and we
solve the following optimization problem with
continuous variables:
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Minzn:ZN:uiijj,,uoyl Px —w! P +§:qjuoyj
=1

i=11,j=1

(P2, =1
i(l—uo’j)zn:uivj =0

u,; {01} i=0,..n
w! e IRP j=1,..N
As
I,(w) = zi":lz:szluiijjyluovl Px —w! P +Z?:lqjuo,j is
a convex quadratic function, the solution of the
problem (P,) is given by the following system:
ol,(w)/ow=0
Since it is sufficient to ensure that in every
iteration, we use only a simple gradient method:
. n N . n N
w!(t) = (ZZRJ'TJUi,juo,lXI)/(ZZR,'TJULJUOJ) (8)
i=11=1 i=11=1
w! (t) represents the gravity center of the class
j at the iteration t.
5.3 Training algorithm
Basing on the equations (5), (6), (7), (8), and on the
algorithm presented in [19], we propose the
following learning algorithm:

Input:
*n, p, X, X";

* [T Tuw ] the interval of the parameter T,

*a, &, &, Ng.
Output: Optimal topological map
Initialization:
* N the size of the map
e w'(0),..,w"(0) ; randomly initialized
T T .
Repeat
assignment-decision phase
Calculate M, and M, via the equation (6);
Calculate p¢, ¢, B and y, via the equation
7);
Calculate T and I via the equation (5);
Calculate the equilibrium points of the CHN
viathe Euler method;
minimization Phase;
while(j<N) do
if(u,, =0) then
update the weight w' via the equation

1«0,

(8);
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endIf

t<t+1;
t

T. N
T <« T min iter ,
max (T )

max

J<i+1;
done
Until[ (t <N,,))OR (MinPw’ (t) -w' (t-1) P> &, )]

return (The optimal topological map and final
weights);

Algorithm 1: Optimal Kohonen topological map
This method is based on the well known Nues
Dynamique method. The Nues Dynamique method
will converge if the cost fulfils some criteria [5], this
algorithm ensures that the function of the cost
converge to a local minimum; what's more, the
choice of the initial weights has a great effect on the
convergence of the proposed algorithm.

6 Computational experiments

Many different approaches have been used in
order to classify the three components of data
Iris[23]. In order to point out the advantages of the
optimization Kohonen architectures, we apply our
algorithm to a widely used dataset: Iris dataset for
classification. It consists of three target classes: Iris
Setosa, Iris Virginica and Iris Versicolor. Each class
contains 50 data samples. Each sample has four
real-valued features: sepal length, sepal width, petal
length and petal width. Before training, data are
normalized using the following rule:

iold (9)

% —min(x")
max(x') —min(x')

The half of the data samples are used for
training and 75 items for testing. It should be noted
that we have used only a small number of the data to
label the neurons of the map because the last one is
controlled by the proposed model.

The parametersa , ¢, 7, and q; of the CHN are

sitting as follows:

a=0001, y,=05, £=10",

7, =0and q; = jn/(N +nj).

The parameters¢, p®, y, and g are calculated
using the equations (6) and (7).

The outputs of the network CHN are initialized
as follows:

U, =b(i+j)/(N(n+1) +i+j).

With i=0,..,n and

To cluster data IRIS, the initial size of the map is
randomly choosing; this size is controlled by the
term quuo,j in the objective function of the

inew _
k
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proposed model. Because of this proposed model,
the number of neurons decreases with time. Finally,
we show that, the unnecessary units are dropped
from the map.
TABLE1
COMPUTING THE OPTIMAL NEURONS OF THE MAP USING
THE PROPOSED METHOD

initial size nbr. iteration optimal size
25 150 10
36 150 12
42 130 11
50 130 10
64 120 11
70 120 12
80 100 13
90 100 11

The TABLE 1, present in the mean of the remaining
neurons associated with different size of maps and
different iterations. So, the necessary number of
neurons to clusters data IRIS converges
approximatively to 11 neurons.

o0
20
a4 < ====- Mmax=25
60 ‘\ ----- Mmax=64

50 - A Mmax=80

40 A ~

30 i

Numbre of neurons
[

20 A -

wd 02000 TTTTmmemcaaaaal SesS=aas

0

0 10 20 30 40 70 100 150 200 300

Iterations
Fig. 2. Necessary units versus iterations

The numerical results are presented in Fig. 2. For
example for a map contains 42 neurons, the mean of
remaining neurons is approximately 11 neurons in
130 iterations.

The proposed method completes the Kohonen
learning method. In fact, our approach releases two
tasks at the same time: the learning task and the
optimization one which consists minimizing the size
of the map. These goals are achieved in three
phases: Allocation phase, decision phase and the
minimization one. By this one, we get at the
convergence only the wuseless neurons and
labialization task becomes easy.

The TABLE 2 presents the obtained clustering
results of training data. This table shows that our
method gives the good results, because all the
training data were correctly classified except two. In
fact; these elements (misclassified) are from the
Versicolor class.

TABLE?2

Issue 4, Volume 12, April 2013



WSEAS TRANSACTIONS on COMPUTERS

NUMERICAL RESULTS FOR CLUSTERING THE TRAINING

DATA
Nbr. Tes.D Cr.Class MC Accuracy (%)
Setosa 25 25 0 100
Virginica 25 25 0 100
Versicolor 25 23 2 92
Total 75 73 2 97.33

The TABLE 3 shows the numerical results
obtained from the data classification of the testing
data. We see that, the important results are obtained
because we have, only, two misclassified data
among 75 testing data. These misclassified data
belong to Versicolor class.

TABLE 3
NUMERICAL RESULTS FOR CLUSTERING THE TESTING DATA

Nbr. T.D Cr.Class MC Accuracy (%)

Setosa 25 25 0 100
Virginica 25 25 0 100
Versicolor 25 23 2 92

Total 75 73 2 97.33

- Nbr. T. D. is Number of Training Data,

- Cr.Class. is Correctly Classified.

- MC. is Misclassified

The weights initialization of the Kohonen

algorithm and the fixation of the neural architecture
by the proposed method demonstrate the important
impact: The final partitioning was done by the
following procedure.

- Weights initialization of the Kohonen
algorithm and the fixation of the neural
architecture;

- A SOM was trained using the sequential
training algorithm for each example of training

data.
TABLE 4
COMPARISON FOR IRIS DATA CLASSIFICATION
Methods CPU(s) It. M.T. M.TS. AT. ATS.
EBP 3998 500 3 2 96 97.3
EBP 68.629 800 2 1 97.3 98.6
RBF 16.84 85 4 4 946 94.6
RBF 1981 111 4 2 96 973
SVM 8.743 5000 3 5 946 93.3
P.M. 9.5 150 2 2 97.3 973

- It : Number of iterations;

- M.T. : Misclassified for training set;

- M.TS. : Misclassified for testing set;

- A.T.: Accuracy for training set;

- ATS. : Accuracy for testing set.

- P.M. is the Proposed Method

From the TABLE 4, it is clear that our method

gives the good results, in comparisons with the other
ones, RBF, EBP and SVM. In one hand, SVM
method gives a less time than our approach, but our
approach gives a good classification (4
misclassified). In the other hand, EBP method gives
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product the good classification than the other

method; but our method gives less time than EBP

(9.5 seconds). These good results can be argued as

follows:

- The first term of the objective function of our
proposed model controls the geometric error on
a given classification.

- To facilitate the task of labialization the kernel
matrix ensures the conservation of the topology
of data space and that the creation of a field of
influence of each neuron.

- The second term of the objective function keeps
only the neurons that represent the reel density
of data.

- The fastness of our method is the using of
Hopfield network in the allocation phase.

In addition, the number of hidden neurons must
be decided before training in both EBP and RBF
neural networks. Different number of hidden
neurons results in different training time and
training accuracy. It is still a difficult task to
determine the number of hidden neurons in advance.
The experiments indicated that clustering by the
proposed method is computationally effective
approach.

7 Conclusion

In this paper, we have modeled the selection of the
Kohonen architecture in terms of a mixed-integer
optimization problem with non linear constraints.
This new model optimizes the Kohonen network
architecture and, at the same time, conserves the
notion of the neighborhood defined on the
observation set. Basing on this model, we have
proposed a learning classification method by giving
a learning rule in the minimization phase; because
of its effectiveness in solving the optimization
problems, the Continuous Hopfield Network (CHN)
is used in the assignment-decision phase. In
comparison with the classical learning method of
Kohonen, the proposed method is able to avoid the
unusless neurons in the map. The experimental work
for classification problems has illustrated the
advantages of proposed approach, especially in the
quality of the classification and in the optimization
of the architecture map. In order to point out the
advantages of the proposed approach, we have
applied the proposed algorithm to a widely used
dataset, Iris dataset for classification. In this respect,
the proposed method produces a good classification,
in reasonable time, in comparison with the recent
methods like EBF, RBF and SVM. In the future, we
will use the proposed method for the image
compression and speech processing.
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