
Chapter 2
Neural Networks with Feedback
and Self-organization

In this chapter another classes of neural networks are considered as compared with
feed-forward NN—NN with back feed and with self-organization.

In Sect. 2.1 recurrent neural network of Hopfield is considered, its structure and
properties are described. The method of calculation of Hopfield network weights is
presented and its properties considered and analyzed. The results of experimental
investigations for application Hopfield network for letters recognition under high
level of noise are described and discussed. In the Sect. 2.2 Hamming neural net-
work is presented, its structure and properties are considered, algorithm of weights
adjusting is described. The experimental investigations of Hopfield and Hamming
networks in the problem of characters recognition under different level of noise are
presented. In the Sect. 2.3 so-called self-organizing networks are considered. At the
beginning Hebb learning law for neural networks is described. The essence of
competitive learning is considered. NN with self-organization by Kohonen are
described. The basic competitive algorithm of Kohonen is considered/its properties
are analyzed. Modifications of basic Kohonen algorithm are described and ana-
lyzed. The modified competitive algorithm with neighborhood function is descri-
bed. In the Sect. 2.4 different applications of Kohonen neural networks are
considered: algorithm of neural gas, self-organizing feature maps (SOMs), algo-
rithms of their construction and applications.

2.1 Neural Network of Hopfield

Revival of interest in neural networks is connected with Hopfield’s work (1982) [1].
This work shed light on that circumstance that neuron networks can be used for the
computing purposes. Researchers of many scientific fields received incentive for
further researches of these networks; pursuing thus the double aim: the best
understanding of how the brain works and application of properties of these
networks.
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2.1.1 Idea of Reccurrency

The neural network of Hopfield is an example of a network which can be defined as
a dynamic system with feedback at which the output of one completely direct
operation serves as an input of the following operation of a network, as shown in
Fig. 2.1.

Networks which work as systems with feedback, are called “recurrent net-
works”. Each direct operation of a network is called an iteration. Recurrent net-
works, like any other nonlinear dynamic systems, are capable to show the whole
variety of different behavior. In particular, one possible pattern of behavior is that
the system can be stable, i.e. it can converge to the only fixed (motionless) point.

When the motionless point is an input to such dynamic system, at the output we
will have the same point. Thus the system remains fixed at the same state. Periodic
cycles or chaotic behavior are also possible.

It was shown that Hopfield’s networks are stable. In general case it may be more
than one fixed point. That depends on the starting point chosen for initial iteration to
which fixed point a network will converge.

Motionless points are called as attractors. The set of points (vectors) which are
attracted to a certain attractor in the course of iterations of a network, is called as
“attraction area” of this attractor. The set of motionless points of Hopfield’s net-
work is its memory. In this case the network can work as associative memory.
Those input vectors which get to the sphere of an attraction of a separate attractor,
are connected (associated) with it.

For example, the attractor can be some desirable image. The area of an attraction
can consist of noisy or incomplete versions of this image. There is a hope that
images which vaguely remind a desirable image will be remembered by a network
as associated with this image.

Fig. 2.1 Binary network of
Hopfield
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2.1.2 Binary Networks of Hopfield

In Fig. 2.1 the binary network of Hopfield is represented. Input and output vectors
consist of “–1” and “+1” (instead of “–1”, “0” can be used). There is a symmetric
weight matrix W ¼ wij

�� �� consisting of integers with zeros (or “–1”) on a diagonal.
The input vector X is multiplied by a weight matrix, using usual matrix and vector
multiplication. The input vector X is fed to corresponding neurons and the output
vector is determined. However, only 1 component of an output vector Y ¼ yj

� �
is

used on each iteration. This procedure is known as “asynchronous correction”.
This component which can be chosen incidentally or by turn enters to a threshold
element, whose output is –1, or +1). Corresponding component of an input vector is
replaced with this value and, thus, forms an input vector for the following iteration.
Process proceeds until input and output vectors become identical (that is, the
motionless point will be reached) This algorithm is described below.

2.1.3 Description of the Algorithm of Asynchronous
Correction

At the first moment a key k is closed (see Fig. 2.1) so an input vector x is fed with
weight wij

�� �� to input neurons and the total signal at the input of jth neuron SjðxÞ is
defined. Further, the key k is disconnected and outputs of neurons are fed to their
inputs. The following operations are to be made:

• Calculate components of an output vector yj, j = 1, 2, ..., n, using the formula

yj ¼ T
Xn
i¼1

wijxi

 !
ð2:1Þ

where

TðxÞ ¼
�1; if x\0
1; if x[ 0
y is not changed; if x ¼ 0

8<
:

• To execute asynchronous correction, i.e. [2–4]:

Step 1: start with an input vector ðx1; x2; . . .; xnÞ:
Step 2: find yj according to the formula (2.1).
Step 3: replace ðx1; x2; . . .; xnÞ with ðy1; x1; x2; . . .; xnÞ ¼ Y and a feed Y back to

input X.
Step 4: repeat process to find y2; y3, etc. and replace the corresponding inputs.
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Repeat steps 2–3 until the vector: Y ¼ ðy1; y2; . . .; ynÞ ceases to change. It was
proved each such step reduces the value of communications energy E if at least one
of outputs has changed:

E0 ¼ 1
2

Xn
i¼1

Xn
j¼1

wijxixj; ð2:2Þ

so convergence to a motionless point (attractor) is provided.
Asynchronous correction and zeros on a diagonal of a matrix W guarantee that

power function (2.2) will decrease with each iteration [2, 5]. Asynchronous cor-
rection is especially essential to ensuring convergence to a motionless point. If we
allow whole vector to be corrected on each iteration, it is possible to receive a
network with periodic cycles as terminal states of an attractor, but not with
motionless points.

2.1.4 Patterns of Behavior of Hopfield’s Network

Weight matrix distinguishes behavior of one Hopfield’s network from another so
there is a question: “How to define this weight matrix?”

The answer is it should be given a set of certain weight vectors which are called
etalons. There is a hope that these etalons will be the fixed points of a resultant
Hopfield’s network, though it is not always so. In order to ensure these etalons to be
attractors, the weight matrix W ¼ wij

�� �� should be calculated so [5]:

wij ¼
XN
k¼1

ðxki � 1Þðxkj � 1Þ; if i 6¼ j

0; if i ¼ j;

ð2:3Þ

where N is a number of the etalons, Xk is the kth etalon.
If etalon vectors form a set of orthogonal vectors, it is possible to guarantee that

if the weight matrix is determined as shown above in formula (2.3), each etalon
vector will be a motionless point. However, generally in order that etalons become
motionless points, orthogonality isn’t obligatory.

It should be noted that Holfield network weights aren’t trained like BP or RBF
networks but are calculated in accordance with formula (2.3).

42 2 Neural Networks with Feedback and Self-organization



2.1.5 Application of Hopfield’s Network

Hopfield’s network can be used in particular for images recognition. But the
number of the recognizable images isn’t too great owing to limitation of memory of
Hopfield’s networks. Some results of its work are presented below in the experi-
ment of adjusting network to recognize letters of the Russian alphabet [2].

Initial images are:

Research was conducted thus: consistently increasing noise level each of 4
images, they are fed to inputs of Hopfield’s network. Results of network func-
tioning are given in Table 2.1.

Thus, Hopfield’s neural network perfectly copes with a problem of recognition
of images(pattern) in experiments with distortion of 0–40 %. In this range all
images(pattern) were recognized without mistakes (sometimes there are insignifi-
cant distortions for 40 % level of noise).

At 45–60 % level of noise images(patterns) are recognized unstably, often there
is “entangling” and at the neural network output appears absolutely other image
(pattern) or its negative.

Beginning from 60 % noise level at the system output the negative of the tested
image(pattern) appears which sometimes is partially distorted (starts appearing at
60–70 %).
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Table 2.1 Experiments with Hopfield network

The tested image 
Percent of 
image dis-View of the distorted image Result of recognition
tortion

10% 

20% 

30% 

35% 

40% 

45% 

(continued)
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Table 2.1 (continued)

50% 

60% 

70% 

80% 

90% 

100% 

(continued)
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Table 2.1 (continued)

10% 

20% 

30% 

40% 

45% 

50% 

(continued)
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Table 2.1 (continued)

60% 

65% 

70% 

80% 

90% 

100% 

(continued)
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Table 2.1 (continued)

10% 

20% 

30% 

40% 

45% 

50% 

(continued)
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Table 2.1 (continued)

55% 

60% 

70% 

80% 

90% 

100% 
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2.1.6 The Effect of “Cross–Associations”

Let’s complicate a task and train our neural network with one more pattern:
The letter “П” is very similar to letters “И” and “H” which already exist in the

memory (Fig. 2.2). Now Hopfield’s neural network can’t distinguish any of these
letters even in an undistorted state. Instead of correctly recognizable letter it dis-
plays the following image (for distortion of an pattern from 0 to 50 %):

It looks like to each of letters “И”, “H”, “П” but isn’t the correct interpretation of
any of them (Fig. 2.3).

From 50 to 60 % noise level at the output of neural network at first appears an
image presented above (Fig. 2.3) in slightly distorted form, and then its negative.

Since 65 % of noise level, at the neural network output steadily there is an image
negative to shown in Fig. 2.3.

The described behavior of a neural network is known as effect of “cross asso-
ciations” [2]. Thus “А” and “Б” letters are recognized unmistakably at noise level
up to 40 %.

At 45–65 % noise level at the network output appear, their slightly noisy
interpretations, the image similar to a negative of a letter “B” (but very distorted), or
a negative of the tested image (pattern). At distortion level of 70 % and more neural
network steadily displays its negative of the tested image.

The experimental investigations had revealed the following shortcomings of
Hopfield’s neural network:

1. existence of cross-associations when some images(patterns) are similar to each
other (like the experiments with letter П);

2. due to storing capacity restrictions the number of the remembered attractors
(patterns) is only (0, 15–0, 2) n, where n is dimension of a weight matrix W.

These circumstances significantly limit possibilities of practical use of
Hopfield’s network.

Fig. 2.2 New test symbol

50 2 Neural Networks with Feedback and Self-organization



2.2 Neural Network of Hamming. Architecture
and Algorithm of Work

When there is no need that the network would display an etalon pattern in an explicit
form, that is it is enough to define, say, a class of a pattern, associative memory is
realized successfully by Hamming’s network. This network is characterized, in
comparison with Hopfield’s network, by smaller costs of memory and volume of
calculations that becomes obvious of its structure and work (Fig. 2.4) [2, 6].

The network consists of two layers. The first and second layers have m neurons,
where m is a number of patterns. Neurons of the first layer have n synapses
connected to the network inputs (forming a fictitious zero layer). Neurons of the
second layer are connected among themselves by synaptic connections. The only
synopsis with positive feedback for each neuron is connected to his axon.

The idea of network functioning consists in finding of Hamming distance from
the tested pattern to all patterns represented by their weights. The number of dif-
ferent bits in two binary vectors is called as Hamming distance. The network has to
choose a pattern with the minimum of Hamming distance to an unknown input
signal therefore the only one of a network outputs corresponding to this pattern will
be made active.

At an initialization stage the following values are assigned to weight coefficients
of the first layer and a threshold of activation function:

w ¼ xki
2
; i ¼ 1; n; k ¼ 1;m ð2:5Þ

Tk ¼ n
2
; 1;m ð2:6Þ

Fig. 2.3 Output symbol for
tested symbols И, H, П
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Here xki is the ith an element of the kth pattern.
Weight coefficients of the braking synapses in the second layer are set equal to

some value −e, where 0\e\ 1
m., where m is a number of classes.

The neuron synapse connected with its own axon has a weight (+1).

2.2.1 Algorithm of a Hamming Network Functioning

1. Enter the unknown vector X ¼ fxi : i ¼ 1; ng to a network input and determine
outputs of the first layer neurons (the top index in brackets in formula (2.7)
specifies number of a layer):

yð1Þj ¼ f ðsð1Þj Þ ¼ f
Xn
i¼1

wijxi þ Tj

 !
; j ¼ 1;m ð2:7Þ

After that initialize states of axons of the second layer with received values:

yð2Þj ¼ yð1Þj j ¼ 1;m ð2:8Þ

2. Calculate new states of the second layer neurons

Fig. 2.4 Architecture of Hamming network
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sð2Þj ðpþ 1Þ ¼ yjðpÞ � e
Xm
k¼1

yð2Þk ðpÞ; j ¼ 1;m ð2:9Þ

And values of their axons:

yð2Þj ðpþ 1Þ ¼ f sð2Þj ðpþ 1Þ
h i

; j ¼ 1;m ð2:10Þ

Activation function f has a threshold, thus the size of a threshold should be
rather big so that any possible values arguments won’t lead to saturation.

3. Check, whether output of the second layer neurons has changed since the last
iteration. If yes, then pass to a step 2 of the next iteration, otherwise—the end.

From the description of algorithm it is evident that the role of the first layer is
very conditional, having used once on a step 1 value of its weight coefficients, the
network doesn’t come back to it any more, so that the first layer may in general be
excluded from a network and replaced with a matrix of weight coefficients.

Note advantages of neural network of Hamming:

• small costs of memory;
• the network works quickly;
• algorithm of work is extremely simple;
• capacity of a network doesn’t depend on dimension of an input signal (as in

Hopfield’s network) and equals exactly to a number of neurons.

2.2.2 Experimental Studies of Hopfield’s and Hamming’s
Networks

Comparative experimental researches of Hopfield’s and Hamming’s neural net-
works in a problem of symbols recognition were carried out. For learning of a
network input sample of symbols (1, 7, e, q, p) was used. Then generated noisy
patterns from this sample were entered and their recognition was performed. Level
of noise changed from 0 to 50 %. Results of recognition of the specified symbols
are presented in Fig. 2.5. On the screen 4 images (patterns) are presented (from left
to right, from top to down): the initial image—a etalon, the noisy image, result of
Hamming network, result of Hopfield’s network (Figs. 2.6, 2.7, 2.8, 2.9).

2.2.3 Analysis of Results

Results of experiments with Hopfield’s and Hamming’s networks are presented in
the Table 2.2. A corresponding table element is a result of recognition by a network
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Symbol 1

Fig. 2.5 Recognition of the symbol 1
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Symbol 7

Fig. 2.6 Recognition of the symbol 7
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Symbol E 

Fig. 2.7 Recognition of the symbol e

56 2 Neural Networks with Feedback and Self-organization



Symbol Q

Fig. 2.8 Recognition of the symbol q
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Symbol P

Fig. 2.9 Recognition of a p symbol
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(Hamming; Hopfield) of a symbol at the specified noise level, and namely: 0—it
isn’t recognized; 0.5—it is recognized with defects; 1—it is recognized correctly.

Hamming’snetwork in general performed well (except for “e” symbol) and
recognized correctly up to the level of noise 40 %), while Hopfield’s network
results of recognition are much worse, at recognition of symbols with a similar
elements (e, p, q) there were difficulties—recognition level was less than 30 %, it is
the effect of cross associations.

2.3 Self-organizing Neural Networks. Algorithms of
Kohonen Learning

2.3.1 Learning on the Basis of Coincidence. Law of Hebb
Learning

In 1949 the Canadian psychologist D. Hebb published the book “Organization of
Behaviour” in which he postulated the plausible mechanism of learning at the
cellular level in a brain [2, 7].

The main idea of Hebb consisted therein when the input signal of neuron
arriving through synaptic communications causes activation operation of neuron,
efficiency of such input in terms of its ability to cause operation of neuron in the
future has to increase.

Hebb assumed that change of efficiency has to happen in a synapse which
transmits this signal to an neuron input. The latest researches confirmed this guess
of Hebb. Though recently other mechanisms of biological learning at the cellular
level were detected, but in recognition of merits of Hebb this law of learning was
called in his honor [7].

The law of Hebb learning belongs to a class of laws of learning by competition.

Linear Associative Elements
In Fig. 2.10 the architecture of the neural network (NN) consisting of m neurons
which are called as “linear associators” is presented.

The input vector in the linear associator is a vector, X ¼ fxig; i ¼ 1; n, which is
taken out of space Rn according to some distribution qðxÞ.

Table 2.2 Comparative results of experiments with Hopfield and Hamming networks

Recognition (Hamm, Hop) 0 % 10 % 20 % 30 % 40 % 50 %

1 (1; 1) (1; 0.5) (1; 1) (1; 0.5) (1, 0.5) (0; 0)

7 (1; 1) (1; 0.5) (1; 0.5) (1; 1) (1, 0.5) (0; 0)

E (1; 1) (1; 0.5) (1; 1) (1; 1) (0; 0) (0; 0)

Q (1; 0) (1; 0) (1; 0) (1; 0) (1; 0) (0; 0)

P (1; 1) (1; 1) (1; 0) (1; 0) (1; 0) (0; 0)
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Fig. 2.10 Network with linear associators–neurons

The output vector is obtained from input X by the following formula:

Y ¼ WX ð2:11Þ

where W ¼ wij

�� �� is a weight matrix n� m; W ¼ ðW1;W2; . . .;WmÞ, Wj is W-

matrix column, Wj ¼ ðW1j;W2j; . . .;WnjÞT is a weight vector.
We will designate through Y 0 ¼ fyjg a desirable output. The main idea of a

linear associative neural network consists that the network has to learn on pairs
input-output:

ðX1; Y1Þ; ðX2; Y2Þ; . . .; ðXL; YLÞ

When to an neural network input the signal Xk is given, desirable output Y 0 has
to be equal Yk. If on an network input the vector Xk þ e is given (where e—rather
small), the output has to be equal Yk þ e (i.e. at the output have to receive the vector
close to Yk).

The law of Hebb’s learning is as follows [2, 7]:

wnew
ij ¼ wold

ij þ ykjxki; ð2:12Þ

Where xki—is the ith vector component Xk; ykj—jth vector component Yk .
In a vector form the expression (2.12) is written so:

Wnew ¼ Wold þXkY
T
k ¼ Wold þ YkX

T
k ; ð2:13Þ

To realize this law in the course of learning the corresponding components
Yk ¼ ykj

� �
, which are shown by dashed lines (arrows) in Fig. 2.10 are entered.
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It is supposed that before learning, all wð0Þ
ij ¼ 0. Then as a result of display of the

learning sample ðX1;Y1Þ; . . .; ðXL; YLÞ the final state of a matrix of W is defined so:

W ¼ Y1X
T
1 þ Y2X

T
2 þ � � � þ YLX

T
L : ð2:14Þ

This Eq. (2.14) is called “a formula of the sum of external product” for W. This
name comes from that fact that YkXT

k —is an external product.
The reformulation of Hebb law in the form of the sum of external product allows

to conduct additional researches of opportunities of this law to provide associations
of pairs of vectors ðXkYkÞ.

The first conclusion consists that if vectors X1;X2; . . .;XLf g are ortogonal and
have unit length, i.e. are orthonormalized, then

Yk ¼ WXk; ð2:15Þ

In other words, the linear associative neural network will produce desirable
transformation “input-output”.

This is the consequence of an orthonormalization property:

XT
i Xj ¼ dij ¼ 0; i 6¼ j

1; i ¼ j

�
ð2:16Þ

Then

WXk ¼
XL
r¼1

YrX
T
r Xk ¼ Yk: ð2:17Þ

But the problem consists that an orthonormalization condition is very rigid (first
of all it is necessary, that L� n).

Further we are restricted by the requirement that Xik k ¼ 1. It would be much
more useful if it was succeeded to lift this restriction. These goal can be achieved,
but not in a linear associative neural network. Here, if vector s Xk aren’t
orthonormalized, then a reproduction error Yk appears at the output:

WXk ¼
XL
r¼1

YrX
T
r Xk ¼ Yk þ

X
r 6¼k

YrX
T
r Xk ¼ Yk þ g: ð2:18Þ

It is desirable to achieve that η be minimum. To provide g ¼ min or g ¼ 0, it is
necessary to pass to a nonlinear associative network with nonlinear elements.

2.3.2 Competitive Learning

Competitive learning is used in problems of self-learning, when there is no clas-
sification of the teacher.

2.3 Self-organizing Neural Networks. Algorithms … 61



The laws of learning relating to category competitive, possess that property that
there arises a competitive process between some or all processing elements of a
neural network. Those elements which appear winners of competition, get the right
to change their weights, while the rest the of weights don’t change (or change by
another rule).

Competitive learning is known as “Kohonen’s learning”. Kohonen’s learning
significantly differs from Hebb learning and BP algorithm by therein the principle
of self-organization is used (as opposed to the principle of controlled learning with
the teacher).

The competitive law of learning has long and remarkable history [2]. In the late
sixties—the beginning of the 70th Stephen Grossberg suggested the whole set of
competitive learning schemes for neural networks. Another researcher who dealt
with problems of competitive learning was van der Malsburg. The learning law of
van der Malsburg was based on idea that the sum of the weights of one input
element connected with various processing neurons has to remain a constant in the
course of learning i.e. if one of weights (or some) increases, the others have to
decrease.

After considerable researches and studying works of Grossberg, van der
Malsburg and others Toivo Kohonen came to the conclusion that the main goal of
competitive learning has to consist in designing of a set of vectors which form a set
of equiprobable representatives of some fixed function of distribution density qðxÞ
of input vectors. And though learning laws of this type were independently received
by many researchers, T. Kohonen was the first who paid attention to a question of
equiprobability. Exactly thanks to this idea and the world distribution of T.
Kohonen book “Self-organization and associative memory” [8] his name began to
associate with this law of learning.

2.3.3 Kohonen’s Learning Law

The basic structure of a layer of Kohonen neurons is given in Fig. 2.11. The layer
consists of N processing elements, each of which receives n input signals
x1; x2; . . .xn from a lower layer which is the direct transmitter of signals. To an input
xi and communication (i, j) we will attribute weight wij.

Each processing element of a layer of Kohonen counts the input intensity Ij in
compliance with a formula [2, 8]:

Ij ¼ DðWj;XÞ; ð2:19Þ

where Wj ¼ ðw1j;w2j; . . .;wnjÞT and X ¼ ðx1; x2; . . .; xnÞ; DðWj;XÞ—some measure
(metrics) of distance between Wj and X.
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We will define two most general forms of function DðWj;XÞ:
1. Euclide distance: dðW ;XÞ ¼ W � Xk k;
2. Spherical arc distance:

DðW ;XÞ ¼ 1�WTX ¼ 1� cos h ð2:20Þ

where WTX—the scalar product, and is supposed that Wk k ¼ Xk k ¼ 1:
In this statement, unless otherwise stated, we’ll use Euclidean distance dðW ;XÞ.

At implementation of the Kohonen law as soon as each processing element (neuron)
counted the function Ij, a competition between them takes place is, whose purpose
is to find an element with the smallest value Ij (i.e. Ijmin ). As soon as the winner of
such competition is found, his output z is put equal to 1. Output signals of all other
elements remain equal to 0.

At this moment a learning by Kohonen takes place.
The learning data for Kohonen’s layer assumed to consist of sequence of input

vectors fXg, which are taken randomly with the fixed density of probabilities
distribution qðxÞ. As soon as next vector X it is entered into a network, the pro-
cessing Kohonen’s neurons start competing to find the winner for whom
min

j
dðX;WjÞ is reached. Then for the winner neuron j� output is established

zj� ¼ 1, and for all others zj ¼ 0; j 6¼ j�.
At this moment a change of weights according to Kohonen learning law is

performed:

Fig. 2.11 Architecture of Kohonen network
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Wnew
j ¼ Wold

j þ a X �Wold
j

� 	
zj; ð2:21Þ

where 0\a\1.
This law can be written in the following form:

Wnew
j ¼ ð1� aÞWold

j þ aX; for winner j ¼ j�

Wold
j ; 8 j 6¼ j�

(
ð2:22Þ

It is evident that at such learning law the weight vector Wj moves to an input
vector X. At the beginning of learning process a ¼ 1 and then in process of learning
it monotonously decreases up to the value a ¼ 0; 1.

This algorithm realizes the principle “The winner takes all” therefore in foreign
literature it is called WTA. Further it should be noted similarity of learning by
Kohonen and statistical process of finding of “k-means”.

K-means for the fixed set of vectors X1;X2; . . .;XLf g, which are chosen ran-
domly from some population with the fixed density of probabilities distribution
qðxÞ, make a set of k vectors W ¼ ðW1;W2; . . .;WkÞ such that the following
functional is minimized:

min
wif g

XL
i¼1

D2ðXi;WðXiÞÞ ð2:23Þ

Where WðXiÞ is a vector W, closest to Xi.
In summary, it is necessary to emphasize that the learning by Kohonen’s

algorithm generally doesn’t generate a set of equiprobable weight vectors, that is a
set of such vectors that X which is chosen randomly, according to density of
probabilities distribution q will have equal probability to be the closest to each of
weight vectors Wj.

2.3.4 Modified Competitive Learning Algorithms

As it was already noted above, we seek to get vectors Wj, which would be
approximately equally probable in the sense of being the closest to the vectors of X
taken from <n with some density of probability distribution In other words, for any
vector of X taken from <n with probability qðxÞ, it is desirable that the probability
of that X will appear to be the closest to Wi, has to be approximately equal to 1

N for
all i ¼ 1;N.

There are some approaches for the solution of the problems arising at imple-
mentation of a basic learning law of Kohonen [2, 9].
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1. The first approach is called as Radial Sprouting. It is the best for Euclidean metrics
and metrics (distances) similar to it. All weight vectors Wi ¼ wij

� �
are originally

set equal to wijð0Þ ¼ 0. All input vectors X at first are multiplied by some small
positive scalar b. Process begins with b, close to 0. It provides proximity of input
vectors of X to vectors Wj. In process development b slowly increases, until
reaches the value b ¼ 1. As soon as it occurs, weight vectors “are pushed out”
from the initial values and follow input vectors. This scheme works quite well, but
usually some weight vectors will lag behind process and as a result will be not
involved in the competion process that slows down learning process.

2. Other approach (“noise addition”) consists in adding randomly distributed noise
to data vectors X that facilitates effect of achievement qðXÞ[ 0, in all area Xx

Level of noise is chosen at first rather big so that noise vector be much greater,
than a data vector X. But in the process of learning noise level gradually
decreases. This approach works correctly, but it appears even more slowly, than
approach of “Radial Sprouting”. Therefore approaches of “Radial Sprouting”
and “noise addition” solve a problem of presentation of badly representable laws
with small probability of distribution in some area, but they don’t solve a
problem of equiprobable positioning of vectors Wj.

In general, the basic Kohonen’s learning law will bring to a surplus at placement
of vectors Wj in those areas where probabilities distribution density qðXÞ, is large,
and to shortage of vectors Wj in areas where density of probabilities distribution
qðXÞ is small.

3. The third approach which was offered by Duane Desieno, is to build-in “con-
sciousness” (or memory) in each element k to carry out monitoring (control) of
history of successful results (victories) of each neuron. If the processing
Kohonen element wins competition significantly more often than 1

N times (time),
then his “consciousness” excludes this element from competition for some time,
thereby giving the chance to elements from the oversaturated area to move to the
next non-saturated areas. Such approach often works very well and is able to
generate good set of equiprobable weight vectors.

The main idea of the consciousness mechanism is a tracking of a share of time
during which the processing element j wins competition. This value can be cal-
culated locally by each processing element by formula:

fjðtþ 1Þ ¼ fjðtÞþ b zj � fjðtÞ

 � ð2:24Þ

When competition is finished and the current value zj (0 or 1) is defined, the
constant b takes a small positive value (typical value b ¼ 10�4 ¼ 0; 0001) and the
share fj is calculated. Right after it the current shifts value bj is defined
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bj ¼ cð1
N
� fjÞ ð2:25Þ

where c—positive constant (c � 10).
Further the correction of weights is carried out. However, unlike a usual situation

in which weight are adjusted only for one processing element-winner with zi ¼ 1,
here separate competition is being held for finding of the processing element which
has the smallest value of

DðWj;XÞ � bj ð2:26Þ

The winner element corrects further the of weight according to the usual law of
Kohonen’s learning.

The role of the shift bj is as follows. For often winning elements j the value
fj [ 1

N and bj\0 therefore for them value DðWj;XÞ � bj increases in comparison
with DðWj;XÞ for seldom winning elements fj � 1

N ; bj [ 0 and DðWj;XÞ � bj
decreases that increases their chances to win competiton. Such algorithm realizes
the consciousness mechanism in work of self-organizing neuron networks and
therefore it is called as CWTA (Conscience Winner Takes All) [9].

2.3.5 Development of Kohonen Algorithm

In 1982 T. Kohonen suggested to introduce into the basic rule of competitive learning
information on an arrangement of neurons in an output layer [2, 8, 10]. For this purpose
neurons of an output layer are ordered, forming a one-dimensional or two-dimensional
lattice. The arrangement of neurons in such lattice is marked by a vector index
i ¼ ði1; i2Þ. Such ordering naturally enters distance between neurons i� jj j.

The modified rule of competitive of Kohonen’s learning considers distance of
neurons from winner neuron [2, 8, 9]:

Wjðtþ 1Þ ¼ WjðtÞþ a ðX �WjÞKðdði; j�ÞÞ ð2:27Þ

where K—function of the neighborhood. Kðdði; j�ÞÞ is equal 1 for winner neuron
with an index j�, and gradually decreases in process of increase in distance d, for
example, by function

KðdÞ ¼ e�d2=R2 ð2:28Þ

Both rate of learning a, and radius of interaction R gradually decreases in the
course of learning so at a final stage of learning we come back to the basic law of
weights adaptation only of winner neurons aðtÞ ¼ a0e�kt.

As we can see in this algorithm the principle 2 is realized: winner takes away not
all but maximum (income) therefore in foreign literature it is called as WTM
(Winner Takes MOST).
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Learning by Kohonen modified algorithm WTM reminds a tension of an elastic
grid of prototypes on a data file from the learning sample. In process of learning the
elasticity of a network gradually decreases and weights changes also decrease
except winner neuron.

As a result we receive not only quantization of input’s, but also we order input
information in the form of a one-dimensional or two-dimensional topographic map
of Kohonen. On this grid each multidimensional vector has the coordinate, and the
closer are coordinates of two vectors on the grid, the closer they are in the initial
space.

2.3.6 Algorithm of Neural Gas

Acceleration of convergence of the modified Kohonen WTM’S algorithm and the
best self-organization of a network gas molecules motion can be received with
application of the method offered by M. Martinez, S. Berkovich and K. Shulten [9]
and called by authors “algorithm of neural gas” owing to similarity of its dynamics.
In this algorithm on each iteration all neurons are sorted depending on their distance
to a vector X. After sorting neurons are marked in the sequence corresponding to
increase in their remoteness:

d0\d1\d2\ � � �\dn�1; ð2:29Þ

where di ¼ X �WmðiÞ
�� �� designates remoteness from a vector X of the ith neuron

taking as a result of sorting position m in the sequence begun with neuron winner to
which remoteness d0 is put into compliance. Value of the neighborhood function for
ith neuron is determined by a formula [9]:

Kði; xÞ ¼ exp �mðiÞ
rðtÞ

� �
; ð2:30Þ

where mðiÞ defines the sequence received as a result of sorting of
(mðiÞ ¼ 0; 1; 2; . . .; n� 1), and rðtÞ is the parameter similar to R neighbourhood
level in Kohonen WTM’s algorithm decreasing eventually with t.

At rðtÞ ¼ 0 adaptation only of the winner neuron occurs and the algorithm turns
into usual (basic) Kohonen’s algorithm, and at rðtÞ 6¼ 0 of adaptation are subject
the weights of many neurons neighbors, and the level of change of scales depends
on size Kði; xÞ.

For achievement of good results of self-organization, process of learning has to
begin with rather great value of r, but eventually its size decreases to zero. Change
of rðtÞ can be linear or exponential. In work [9] it was offered to change value
according to expression
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rðtÞ ¼ rmax
rmin

rmax


 � t
Tmax

; ð2:31Þ

where rðtÞ—value on iteration of t; rmin and rmax—the accepted minimum and
maximum values of r. Value Tmax defines the maximum number of iterations. The
learning coefficient of the ith neuron aiðtÞ can also change both linearly, and
exponentially, and its exponential dependence is defined by expression

aiðtÞ ¼ aið0Þ amin

aið0Þ

 � t

Tmax

; ð2:32Þ

where aið0Þ is an initial value a, and amin is a priori set minimum value corre-
sponding to t ¼ Tmax. In practice the best results of self-organization are reached at
linear change of aðtÞ [9]. For reduction of calculations volume at realization of
neural gas algorithm it is possible to use the simplification consisting that adapta-
tions of weights happen only for the first k of neurons neighbors in the ordered
sequence of d0\d1\d2\. . .\dk .

Algorithm of neural gas together with Kohonen’s algorithm (CWTA) with
memory considering a share of victories of each neuron of fj are the most effective
tools of neurons self-organization in Kohonen’s network.

Comparative Analysis of Algorithms of Self-organization
Above considered algorithms were compared at the solution of a problem of
recovery of the two-dimensional learned data of difficult structure which are pre-
sented in Fig. 2.12 [9]. For recovery of data 2 sets of the neurons including 40 and
200 elements were used which after ordering positions of neurons will reflect data
distribution. They have to locate in areas of the maximum concentration of data.

Results of self-organization of 40 neurons when using three algorithms are
presented in Fig. 2.13 algorithm with memory (CWTA) (Fig. 2.13a), neural gas
(Fig. 2.13b) and basic algorithm of Kohonen (Fig. 2.13c). For comparison in
Fig. 2.15 similar pictures are obtained by Kohonen’s network consisting of 200
neurons (Fig. 2.14).

Fig. 2.12 Data structures to be simulated
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As follows from the given results, irrespective of number of neurons the best
results of self-organization were received with use of algorithms of the
self-organization with memory and neural gas.

For quantitative comparison of results it is possible to use criterion “a quanti-
zation error”:

Eq ¼
Xn
i¼1

Xi �W�
i

�� ��; ð2:33Þ

where W�
i is winner neuron weight at presentation of a vector Xi.

At 200 neurons the following criterion values were received [9]: Eq = 0,007139
for CWTA; Eq = 0,007050 for algorithm of neural gas and Eq = 0,02539 for basic
Kohonen’s algorithm.

2.4 Application of Kohonen Neural Networks

Neural networks with self-organization are used in two main directions.

1. For automatic classification of objects.
2. For visual display of properties of multidimensional space (representation of

multidimensional vectors of features).

Fig. 2.13 Results of self-organization of different algorithms with 40 neurons

Fig. 2.14 Results of self-organization for 200 neurons
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In the first case the problem of automatic splitting a set of the objects represented
by multidimensional vectors in some feature space on similarity—to difference of
feature values is solved. Such task sometimes is called as a task of the cluster
analysis and it is in detail considered in the 7th chapter.

In the second case the problem of visualization of properties of multidimensional
feature vectors on the two-dimensional plane is solved.

So-called “Self-organizing Maps” (SOM) are used for this purpose [10].
For this in multidimensional space the spatial lattice is stretched in which nodes

are processing neurons (a layer of Kohonen’s neurons). Further the next points to
each of these neurons are defined. They define area of an attraction of this neuron.
Average value of each feature of neurons in the attraction area is defined –Xi cp.

Further nodes of a lattice are mapped on the plane in the form of squares or
hexagons, the corresponding value of a feature for this neuron is painted in the
certain color: from blue (the minimum value of a feature) to red (the maximum
value). As a result we receive the self-organizing feature map similar to a geo-
graphical map. Such maps are built on all features and we receive a certain atlas.

Self-organizing Maps (SOMs) represents a method of design of N-dimensional
input space in discrete output space which makes an effective compression of input
space in a set of the coded (weight) vectors. The output space usually represents
itself a two-dimensional lattice. SOM uses a lattice for approximation of probability
density function of an input space, thus keeping its structure i.e. if two vectors are
close to each other in the input space, they have to be close and on the map as well.
During self-organization process SOM carries out an effective clustering of input
vectors, keeping structure of initial space [10].

Stochastic Algorithm of Learning
Learning of SOM is based on strategy of competitive learning. We will consider
N-dimensional input vectors Xp where the index p designates one learning pattern.
The first step of process of learning is definition of structure of the maps, usually
two-dimensional lattice. Map is usually square, but may be rectangular. The number
of elements (neurons of an output layer) on the map is less, than the number of the
learning patterns (samples). The number of neurons has to be equal in an ideal to
the number of the independent learning patterns. The structure of SOM is given in
Fig. 2.15. Each neuron on the Map is connected with a N-dimensional weight
vector which forms the center of one cluster. Big cluster groups are formed by
grouping together of “similar” next neurons.

Initialization of Weight Vectors Can Be Carried Out in Various Ways

1. To each weight Wkj ¼ Wkj1;Wkj2; . . .;WkjN
� �

, where k is a number of rows and
J is a number of columns, random values are attributed. Initial values are
limited to the range of the corresponding input parameter (variable). Though it
is simple to realize random initialization of weight vectors, such way of ini-
tialization gives a big variation of components into SOM that increases learning
time.
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2. To weight vectors randomly chosen input patterns are attributed, i.e. Wkj ¼ Xp,
where p is a pattern index. Such approach can result in premature convergence
until weight aren’t disturbed with small casual values.

3. To find the main components of vectors of input space and to initialize weight
vectors with these values.

4. Other technology of initialization of scales consists in definition of a hyper cube
of rather big size covering all learning patterns. The algorithm begins work with
finding of four extreme points by definition of four extreme learning patterns.
At first find two patterns with the greatest distance from each other in an
Euclidean metrics. The third pattern is placed in the most remote point from
these two patterns, and the fourth pattern—with the greatest distance from these
three patterns according to Euclid. These four patterns form lattice corners on
the Map (SOM: (1, 1); (1, J); (K, 1); (K, J). Weight vectors of other neurons are
defined by interpolation of four chosen patterns as follows. The weight of
boundary neurons are initialized so [10, 11]:

5. W1j ¼ w1J � w11

J � 1
ðj� 1ÞþW11;

6. WKj ¼ wKJ � wK1

J � 1
ðj� 1ÞþWK1;

7: Wkj ¼ wKJ � w11

K � 1
ðk � 1ÞþW11; ð2:34Þ

8. WKJ ¼ wKJ � w1J

K � 1
ðk � 1ÞþW1J ;

9. For all j ¼ 2; 3; . . .; J � 1 and k ¼ 2; 3; . . .;K � 1.
10. other weight vectors are initialized so:

Fig. 2.15 Structure of SOM
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WKj ¼ wKJ � wK1

J � 1
ðj� 1ÞþWK1: ð2:35Þ

The standard algorithm of learning for SOM is stochastic in which weight
vectors adapt after display of each pattern of a network. For each neuron the
related code vector (weight) adapts so:

Wkjðtþ 1Þ ¼ WkjðtÞþ hmn;kjðtÞ Xp �WkjðtÞ
� �

; ð2:36Þ

where m, n—index of a line and column of winner neuron correspondingly.
The winner neuron is defined, as usual, by calculation of Euclidean distance
from each weight vector to an input vector and a choice of neuron, the closest to
an input vector, i.e.

Wmn � Xp

�� ��2¼ min Wkj � Xp

�� ��2n o
ðk;jÞ

; ð2:37Þ

Function hmn;kjðtÞ in the Eq. (2.36) is considered as function of the neighbor-
hood. Thus, only those neurons which are in the vicinity (in the neighborhood)
of (m, n) winner neuron, change the weights. It is necessary for ensuring
convergence, that hmn;kjðtÞ ! 0 at t ! 1.
Function of the neighborhood usually is function of distance between coordi-
nates of the neurons presented on the map i.e.

hmn;kj tð Þ ¼ h cmn � ckj
�� ��2; t� 	

; ð2:38Þ

where cmn; ckj 2 R, and with increase in distance cmn � ckj
�� ��2,hmn;kjðtÞ ! 0.

The neighbourhood can be determined by a square or a hexagon. However are
most often used a smooth Gaussian kernel:

hmn;kj tð Þ ¼ a tð Þ exp � cmn � ckj
�� ��2

2r2 tð Þ

 !
: ð2:39Þ

Here aðtÞ is the learning speed, and rðtÞ-kernel width. Both functions aðtÞ and
rðtÞ are monotonously decreasing functions with increase in t.Creation of SOM in
Batch Mode

Stochastic learning algorithm of SOM is too slow owing to need of weights
adaptation of all neurons after each display of a pattern. The version of SOM
learning algorithm in batch mode was developed. The first package SOM
learning algorithm was developed by Kohonen and is described below [11].
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1. To initialize weight vectors by purpose of the first KJ of the learning pat-
terns where KJ—total number of patterns on the map.

Until stop condition won’t be satisfied,
for each neuron of kj do
make the list of all patterns of Xp which are the closest to a weight vector of this
neuron;
end.

2. For each weight vector of wkj calculate new value of a weight vector as an
average of the corresponding list of patterns.

Also the accelerated version of package SOM learning algorithm was devel-
oped. One of the design problems arising at creation of SOM—determination of
the map sizes. Too many neurons can cause glut when each learning pattern is
attributed to various neurons. Or alternately, final SOM can successfully create
good clusters from similar patterns, but many neurons will be with zero or close
to the zero frequency of use where the frequency of neuron means number of
patterns for which the neuron became the winner. Too small number of neu-
rons, on the other hand, leads to clusters with big intra cluster dispersion.

The Accelerated Package Algorithm of Creation of SOM

1. To initialize weight vectors of wkj, using any way of initialization.
2. Yet until stop condition(s) won’t be satisfied

for each neuron kj do
calculate an average value for all patterns for which this neuron was the winner;
designate average as �wkj;
end.

3. To adapt weight value for each neuron, using expression

Wkj ¼
P

n

P
m Nnmhnm;kj �WnmP

n

P
m Nnmhnm;kj

; ð2:40Þ

where indexes m, n are summarized according to all numbers of rows and
columns; Nnm is the number of patterns for which the neuron appeared to be the
winner, and hnm;kj—function of the neighborhood which specifies, whether
neuron of (m, n) gets into area of the neighborhood of (k, j) neuron and in what
degree;
end.
The method of search close to optimum structure of SOM consists in beginning
with small structure and to increase the Maps sizes when the increase in number
of neurons is required. We will notice that development of the map takes place
along with learning process. Consider one of algorithms of SOM structure
development for the rectangular Map [11].
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Algorithm of SOM Structure Development

To initialize weight vectors for small SOM,
yet until the stop condition(s) won’t be satisfied do;
until a condition of the Map growth won’t be true, do;
to learn SOM for t displays of patterns, using any method of SOM learning;
end.

If the condition of the Map growth is satisfied,

1. find (k, j) neuron with the greatest error of quantization (intercluster
dispersion);

2. find the most distant direct neighbor of (m, n) in rows of the Map;
3. find the most remote neuron in Map columns;
4. insert a column between neurons of (k, j) and (r, s), and a line between

neurons of (k, j) and (m, n) (this step keeps rectangular structure of the
Map);

5. for each neuron (a, b) in a new column initialize the corresponding vector of
Wab, using expression

Wab ¼ c Wa;b�1 þWa;bþ 1

 �

; ð2:41Þ

and for each neuron in a new row calculate

Wab ¼ c Wa�1;b þWaþ 1;b

 � ð2:42Þ

where c 2 0; 1ð Þ;
end.

6. To adjust the weights of the final structure of SOM, using additional
learning iterations, until convergence will be reached.

The increase in the sizes of the map needs to be stopped when one of the
following criteria is satisfied:

• the maximum size of the Map is reached;
• the greatest error of quantization for neuron will become less than threshold

e determined by the user;
• the error of the map quantization converged to a preset value.

Some aspects of this algorithm demand the explanation.
There are constants e, c and the maximum SOM size, and also various stop
conditions. For parameter c a good choice is c ¼ 0:5. The idea of an interpo-
lation step consists in assigning a weight vector to new neuron so that it will
take patterns from (k, j) neuron with the greatest error of quantization to reduce
an error of this neuron. Value c \ 0:5 will locate neuron (a, b) closer to (k, j)
that, perhaps, will lead to that more patterns will be taken by it at kj neuron,
value c[ 0:5 will cause a boomerang effect.
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The threshold of an quantization error e is important to provide the sufficient
size of the SOM Map. Small value e leads to too big SOM size whereas too
great value of e can lead to increase in learning time to reach rather big size of
structure.
It is easy to define the upper bound of the Map size, it is equal simply to the
number of learning patterns pT. However it, naturally, is undesirable. The
maximum size of the Map can be presented as b pT , where b 2 ð0; 1Þ.
Optimum value b depends on the solved task, and it is necessary to take
measures to provide not too small value b if the increase in the SOM sizes isn’t
provided.
Process of learning of SOM is too slow owing to a large number of iterations of
scales correction. For reduction of computing complexity and acceleration of
convergence of learning some mechanisms are offered. One of them is batch
mode of designing of SOM. Two other mechanisms include control of func-
tions of the neighborhood and learning speed.
If Gaussian neighborhood function is used, all neurons drop to the winner
neuron neighborhood area, but with different degree. Therefore introducing a
certain threshold h, it is possible to limit number of neurons which will get to
this area and by that to reduce computational costs of correction of their
weights. Besides, the width of the neighborhood function r can be changed
dynamically during learning process. For example, it is possible to choose this
function so:

rðtÞ ¼ rð0Þe� t
s1 ; ð2:43Þ

where s1 [ 0 , is some constant; rð0Þ is the initial rather big variation.
Similarly it is possible to use the learning speed aðtÞ decreasing with increase in
time:

aðtÞ ¼ að0Þe� t
s2 ; ð2:44Þ

where s2 [ 0 , is some constant; að0Þ is initial, rather big variation.

Clustering and Visualization. Application of SOM
Implementation of SOM learning process consists in a clustering (grouping) of

similar patterns, keeping thus topology of input space. After learning the set of
the learned weights is obtained without obvious borders between clusters.
The additional step for finding of borders between clusters is required.
One of the ways to define and visualize these borders between clusters is to
calculate the unified matrix of distances (U-matrix [11]) which includes geo-
metrical approximation of distribution of weight vectors on the Map. The
U-matrix expresses for each neuron distance to weight vectors of the next
neurons. Great values in a matrix of distances of U indicate location of borders
between clusters.
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As an example consider a problem of a clustering of irises. Its statement and the
description are given in Chap. 4. For example, in Fig. 2.16, the U-matrix for a
problem of irises clustering with use of scaling of the SOM Map in shades of
the grey is presented. Thus borders between clusters are marked in more dark
color.
For the same problem in Fig. 2.16b clusters on a full map are visualized.
Borders between them can usually be found by one of clustering methods, for
example, Ward’s method (see Chap. 7). The clustering by Ward’s method uses
approach “from down-up” in which each neuron originally forms an own
cluster. On the subsequent iterations two next clusters merge in one until the
optimum or certain number of clusters is designed. The end result of a clus-
tering is the set of clusters with the minimum intra cluster dispersion and big
inter-cluster dispersion.
For definition, what clusters need to be united, the metrics (distances) according
to Ward is used (see Chap. 7). The metrics of distance is defined so:

Fig. 2.16 Example of SOM for irises clustering problem
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drs ¼ nrns
nr þ ns

Wr �Wsk k2; ð2:45Þ

where r and s are indexes of clusters; nr and ns are number of patterns in the
corresponding clusters; Ws and Wr are vectors of the gravity centers of these
clusters. Two clusters s and r unite (merge) if their metrics of drs is the smallest.
For the new created cluster q its weight is defined thus:

Wq ¼ 1
nr þ ns

nrWr þ nsWsð Þ; ð2:45Þ

and nq ¼ nr þ ns.
It’s worth to note that for preservation of topological structure two clusters can
be integrated only if they are adjacent (neighbors).
The main advantage of SOM consists in easy visualization and interpretation of
the clusters created on the Map. In addition to visualization of the full map
presented in Fig. 2.17b, separate components of vectors can be visualized, i.e.
for each input feature the separate Map for visualization (display) of values
distribution of this feature in space can be constructed, using the corresponding
color gamut. Such Map and the planes of features can be used for research and
the analysis of data. For example, the marked region on the visualized map can
be designed on the feature plane to find distribution of values of the corre-
sponding input parameters (features) for this region. In Fig. 2.16c, d SOM’s for
the third and fourth features for a problem of the irises clustering are presented.
The learned SOM can be also used as the classifier [11] as information on
clusters is inaccessible during learning process, (SOM) it is necessary to
investigate the clusters created on the Map manually and to assign appropriate
tags of classes. Further the vector of input data is entered into the map and the
winner neuron is defined. The corresponding tag of a cluster to which the
entered input vector belongs, is used as a name (a number) of a class.
In the mode of a recall SOM can be used for interpolation of the missed values
in a pattern. When entering the input of such pattern, ignoring inputs with the

Fig. 2.17 Area of violation
of a continuity of mapping
using SOMs
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missed values the winner neuron is defined. Further the missed value is
determined by the corresponding feature value of a winner neuron, or by
interpolation of values of the neighbor neurons.
The described topographic maps give an evident presentation of structure of
data in multidimensional input space, which geometry we aren’t able to
imagine otherwise [10]. Visualization of multidimensional information is the
main use of Kohonen’s maps.
Note that in consent with the general everyday principle “free lunches don’t
happen” topographic maps keep the proximity relation only locally, i.e.
neighbors on the map of area are close and in the initial space, but not on the
contrary (Fig. 2.17). Generally there is no mapping cutting the dimension and
keeping the relation of proximity globally.
In Fig. 2.17 the arrow shows the area of violation of a continuity of mapping,
neighbors points on the plane are displayed on the opposite ends of the map.
The convenient instrument of visualization is the coloring of topographic maps
how it used on usual maps. Each feature generates the corresponding coloring
of the map by average value of this feature at the data which got to this cell
[10].
Having collected maps of all of the interesting features, we‘ll receive the
topographical atlas giving an integrated presentation of the structure of multi-
dimensional data. Self-learning Kohonen’s networks are widely used for data
preprocessing at pattern recognition in space of very big dimension. In this
case, that procedure to be effective, it is required to compress at first input
information by one or another way:

1. or to lower dimension, having defined significant features;
2. or to make quantization of data.

SOM are applied to the solution of a wide range of real problems, including the
analysis of images, recognition of the speech, the analysis of musical patterns,
processing of signals, robotics, telecommunications, data mining of the hidden
knowledge and the analysis of time series [9].
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