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Abstract- The Self-Organizing Map (SOM) is a neural network algorithm based on unsupervised learning. It used for high 
dimensional data visualization. In other words, this algorithm maps high dimensional data to low dimensions space. Weight 
initializing is one of the main steps in SOM algorithm, because the proper initializing the weights has great influence on final 
convergence of network and it guides convergence toward local or global minimum. In order to reduce the iteration number 
and increase the rate of algorithm, we have decided to improve the initializing step of weights. For this purpose, weight 
initializing phase spilt to two steps and as observed from results, iteration no. decreased significantly. 
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I. INTRODUCTION 
 
The Self-Organizing Map (SOM) is a neural network 
algorithm based on unsupervised learning. The 
weight initialization is very important for training 
data. Because the appropriate weight initializations 
enable a learning convergence to global or local 
minima to be more correctly. However, traditional 
weight initialization is randomized in a range of 0 and 
1. This results in a problem of a single winner node, 
which leads to miss of clustering because the initial 
value is not related to the input datasets [8, 9].  
     According to this paper focuses on weighting step 
and spilt the weight initializing phase to two steps. In 
other words, random initializing eliminated and 
optimum weight applies to algorithm. Since the 
algorithm has reached one optimum state of weights 
values in the final iteration of algorithm, extraction of 
these weights and applying them in the algorithm in 
second stage will lead to reduction of iteration 
number and increment of rate.  
 
II. SELF-ORGANIZING MAPS ALGORITHM 
 
In 1975 Teuvo Kohonen introduced new type of 
neural network that uses competitive, unsupervised 
learning [1, 6, 7]. This approach is based on WTA 
(Winner Takes All) and WTM (Winner Takes Most) 
algorithms. Therefore, these algorithms will be 
explained here briefly. The most basic competitive 
learning algorithm is WTA. When input vector (a 
pattern) is presented, a distance to each neuron's 
synaptic weights is calculated. The neuron whose 
weights are most correlated to current input vector is 
the winner. Correlation is equal to scalar product of 
input vector and considered synaptic weights. Only 
the winning neuron modifies its synaptic weights to 
the point presented by input pattern. Synaptic weights 
of other neurons do not change. The learning process 
can be described by the following equation: 

|| x - wc || = minj {|| x - wi||}                                  (1) 
 
wc (t + 1) = wc(t) + α(t) [x(t) - wc(t)]                   (2) 
 
where i∈[0..number of neurons] , Wi represents all 
synaptic weights of the winning neuron, α(t)	 is 
learning rate in the interval [0, 1] that linearly 
proportional with t inverse reduced and shows total 
weights attached to the winning cell and x stands for 
current input vector. In this section WTM strategy 
describe that is a extension of WTA strategy. The 
difference between those two algorithms is that many 
neurons in WTM strategy adapt their synaptic 
weights in learning iteration. In this case not only the 
winner, but also its neighbourhood adapts. The 
further the neighbouring neuron is from the winner, 
the smaller the modification which is applied to its 
weights. This adaptation process can be described as: 
 
w = w + η × K(i, x) × (x −w )          (3) 
 
For all neurons (i) that belong to winner's 
neighbourhood. Wi stands for synaptic weights of 
neuron i and x is current input vector. η stands for 
learning rate and N(i, x) is a function that defines 
neighbourhood. Where w  shows the weights 
attached to the cells and cells located in the 
neighbourhood of winning. X vector is input pattern 
and η learning rate that have a positive value smaller 
than the unit. K (i, x) is Neighbourhood function that 
is Gaussian kernel that is a descent function and with 
a way of win cell and time decreases. And thus the 
cell in farthest neighbourhood will have low change 
in weights. Neighbourhood function can be described 
as: 
 

                  (4) 
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In order to train SOM network the Euclidean distance 
between input vector and weight vectors of all cells 
should be computed. The cell which has the lowest 
distance with input vector, in other words the cell 
which has the most similarity to input pattern is 
selected as a winner and its adjoined weights change 
in order to approach input pattern. In addition, 
adjacent cells are selected and according to their 
distance to winner cell their weights are modified in 
the same orientation. The movement of cells and the 
number of mobile cells is high in the beginning of 
algorithm and they reach their minimum value due to 
reducing the rate of learning and neighbour radius. 
This algorithm draws input vector on one line (in 
two-dimensional topological state). Fig.1 shows one 
two dimensional SOM neural network. 
 

 
Fig.1. SOM with the neighbourhood of two dimensional input 

vectors [1] 
 

Input patterns that are similar to each other, that have 
minimum Euclidean distance from each other, also 
are placed together after mapped. In 1-D network 
each cell has 2 neighbours, a neighbour on the left 
and the other cell in the right placed. Two-
dimensional network in each cell has four neighbours, 
which is on the left, right, top and bottom cell are 
placed. 
 
SOM algorithm can be summarized as follows: 
 
1- Choose weight of all the cells randomly. 
2- Apply input pattern to network. 
3- Find win cells. 
4- Select the neighbour cells. 
5- Correct weights attached to the cells and the 
winner of the neighbour cells according to their 
Euclidean distance, learning rate and neighbourhood 
radius. 
6- Repeat stages 2 to 5 for the number of distinct and 
pre-determined periods. 

III. PROPOSED ALGORITHM 
 
In SOM algorithm, weight initializing is one of the 
main steps [2, 3, 4, 5]. Because, the proper initializing 
the weights has great influence on final convergence 
of network and it guides convergence toward local or 
global minimum. Generally weight initializing is 
selected traditionally and commonly randomly in the 
range of 0 and 1. The principle of SOM algorithm is 
to repeat steps until reaching to one convergent state 
and in these repetitions; weights are being changed 
until they reach to a convergent and fixed state. In 
other words, the termination condition of algorithm is 
to reach to a convergent state. In order to reduce the 
iteration number and increase the rate of algorithm, 
we have decided to improve the initializing step of 
weights. To do this, we selected one random sample 
from existing data set and the algorithm was run on 
this data set. In the last iteration of algorithm, the 
values of weight vector were extracted. In the next 
step, the weight vector which was obtained from first 
step has been allocated as primary values to weights 
and the algorithm was run over complete data set. 
The algorithm was run in two steps about 20 times 
that the results are presented in the table 1. Since the 
algorithm has reached one optimum state of weights 
values in the final state, extraction of these weights 
and applying them in the algorithm with complete 
data set will lead to reduction of iteration number and 
increment of rate.  
 
IV. RESULTS EVALUATION 
 
Since the proper initializing the weights has great 
influence on final convergence of network and it 
guides convergence toward local or global minimum. 
In order to reduce the iteration number and increase 
the rate of algorithm, we have decided to improve the 
initializing step of weights. For this purpose the 
algorithm was run in two steps about 20 times that the 
results are presented in the table 1. As it can be seen 
the mean of iteration in the presented method in this 
paper (optimizing the initializing the weight vector) is 
less than the iteration number in the primary state of 
random initializing of weight vector (traditional 
method). In other words, the run rate of algorithm in 
the presented method is less than the random 
initializing method (Table 1). As observed of table 1 
mean of iteration of algorithm in ‘optimizing the 
initializing the weight vector’ method rather to 
‘random initializing’ method is decreased.  By 
calculate mean of iteration no. For methods, observed 
that iteration no. for ‘optimizing the initializing the 
weight vector’ method is 210 times less than iteration 
no. for ‘random initializing’ method [10].  

Table 1: Weighting optimization results with 20 different run of SOM algorithm 
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CONCLUSION 
 
Main aim of this paper was to improve the efficiency 
of SOM algorithm. Since the proper initializing the 
weights have great influence on final convergence of 
network and it guides convergence toward local or 
global minimum. In order to reduce the iteration 
number and increase the rate of algorithm, we have 
decided to improve the initializing step of weights. 
Since the algorithm has reached one optimum state of 
weights values in the final iteration of algorithm, 
extraction of these weights and applying them in the 
algorithm in second stage will lead to reduction of 
iteration number and increment of rate. 
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