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1. Introduction  
 

The classical training algorithm of Kohonen neural network, that takes into account lateral connections 

between self-organizing map (SOM) units, is an extension of a simple competitive learning (SCL) algorithm 

[1, 2]. SOM consists of many units; their weights are adapted to the input data through competitive learning 

and create ordered code vectors in the input space. These code vectors save training data topology, making 

SOM a powerful tool for cluster analysis, classification and visualization. Both algorithms (SOM and SCL) 

are stochastic online algorithms; in other words, they update code vectors in real time after receiving of each 

training data object. 

Yet these algorithms have batch [1] and k-means [3] equivalents that use all training data with each 

update of weights. The advantages of batch algorithms are their simplicity, computing efficiency, reduced 

topological distortions, limited number of adjustable parameters and reproducible results. The main 

disadvantage of batch algorithms in comparison with online algorithms are their bad self-organization and 

strong dependence on initial weights [4]. 

In different applications of SOM, various types of training algorithms, configuration and initialization 

methods (including automatic) [5] are realized, however, nowadays the Kohonen classical online and batch 

algorithms dominate. 

In [6–9], the comparative analysis of the productivity and efficiency of various types of neural networks 

is carried out. 

In [10], one of this paper contributors proposed new SOM training algorithm by continuous in space and 

discrete in time cellular automaton and realized it in MS Excel. The specifics of this algorithm are: 1) the 

non-standard initial self-organizing phase of SOM units (a variant of adaptive growing map [11]), 2) 

controlled connections between SOM units that allow to switch on or off some connections selectively and 

to introduce a concept of multiple self-organizing maps. Later, the advantages of adaptive adjustment of the 

position of neurons were also shown in [12]. 

The most important advantage of spreadsheets is that the tabular model of any algorithm presents its 

operating graph machine – an effective tool for visualization and research of low-level information structure 

of this algorithm [13]. Disadvantages of spreadsheets are the lack of built-in support for neural networks 
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and very modest graphics that had prevented authors of [10] to carry out systematic investigation of their 

new algorithm. 

The objective of our paper is an implementation and modification of the new SOM training algorithm 

by cellular automaton in powerful R environment using multifunctional add-on package ‘kohonen’ [14]; 

identifying advantages and disadvantages of this algorithm in comparison with classical Kohonen training 

algorithms. 

The authors of [14] suggest, before using SOM in practice, to experiment with the choice of its structure 

and parameters of the training algorithm. The advice is good, but, unfortunately, the problem of choosing 

optimal conditions has combinatorial complexity. In addition, the criteria by which optimization should be 

performed are unclear. 

We hope that this article partially solves this complex problem by introducing a new effective criterion 

for assessing the quality of topological data mapping by the trained SOM. So, the most important result of 

the article is that for the first time there was proposed a dispersion quantile measure of the SOM topology 

mapping quality instead of more complex measures discussed, for example, in [15]. 

The remainder of the paper is organized as follows. In Section 2, we give a brief theory and basic 

formulas on which the training algorithms som.koh and som.ca are based, as well as the SOM quality 

measures proposed in the literature and introduced by us. Section 3 describes the sequence of actions 

performed by the developed R script and the data sets used in our computer experiments. In Section 4, we 

describe the results of SOM training using a cellular automaton on test data sets in comparison with the 

classic Kohonen batch training algorithm. As a criterion for the quality of SOM training, the integral quantile 

dispersion measure QDM was used. Finally, we present some conclusions in Section 5. 

 

2. Training algorithms and SOM quality measures 
 
2.1. SOM training algorithms 
 

SOM consists of N units, that form a 2-dimensional rectangular or hexagonal grid in output space, and 

performs their discrete topological mapping on the input space X, X∈Rd. Thus, the SOM unit k is 

represented by the code vector wk in the input space of dimension d. To ensure equal contributions, the 

coordinates of the training objects are normalized on the value of their standard deviation. 

The classical online algorithm of SOM training consists iteratively of five steps: 

1. Initialization – random initial values of code vectors wk, k=1..N, specify. 

2. Training objects input – training vector xi, i=1..n, is taken randomly and supplied to the inputs of 

Kohonen neural network. 

3. Search for winning unit I(xi) realizes by minimization of squared distance from training vector xi 

to code vectors: 

 

𝐼(𝐱𝒊) = argmin {
k

∑ [𝐱𝑖
(𝑗)𝑑

𝑗=1 − 𝐰𝑘
(𝑗)

(𝑡)]2}   (1) 

4. Update of code vectors according to the recurrence equation: 

 

𝐰𝑘
(𝑗)

(𝑡 + 1) = 𝐰𝒌

(𝒋)
(𝑡) + 𝛼(𝑡)ℎ𝐼(𝐱𝐢)(𝑡)(𝐱(𝒋) − 𝐰𝒌

(𝒋)
(𝑡)) (2) 

where α(t) is a learning rate, h(t) is a neighbourhood function responding for topological ordering of map 

units.A Gaussian or rectangular neighborhood functions are used more often, however, the first one is more 

preferred. 

5. Cycling – move back to step 2 until SOM is stable. 

 

SOM training on Kohonen online algorithm is conducted in two stages - self-organization and fine-

tuning. The algorithm of these phases is the same, but in the first phase, the radius of the neighborhood and 

the learning speed are large in order to achieve general self-organization of the map, in the second phase the 

values are not so large as to fine-tune the code vectors. It is generally believed that the radius of a 

neighborhood at the beginning of the first phase is equal to the length of the smaller side of the map. 

This algorithm is extremely resistant to changes in the neighborhood function and always converges, 

provided that the neighborhood radius and learning speed in iterations gradually decrease to 0. 

The SOM batch learning algorithm is similar to the classic online algorithm. In its iterations, a winning 

unit is sought for each educational object, but the values of the weights are updated only at the end of each 

educational epoch in accordance with the formula: 



𝐰𝑘(𝑡 + 1) = 𝐰𝑘(𝑡) + 
∑ ℎ𝐼(𝐱𝐢)(𝐱𝒊−𝐰𝑘(𝑡))𝑛

𝑖=1

∑ ℎ𝐼(𝐱𝐢)
𝑛
𝑖=1

   (3) 

Training vectors xi in the training epochs could be supplied to the inputs of the network in an arbitrary 

order, for example, sequentially. 

The SOM learning algorithm by the cellular automaton is a variant of the batch learning algorithm, 

since the weights are still updated in accordance with formula (3). 

A cell (neuron) of cellular automaton (CA) in the algorithm is a unit of SOM rectangular grid mapped 

into input space, and surrounded by four (on the border – two or three) cells for the von Neumann’s 

neighborhood, or eight (on the border – three or five) cells for the Moore’s neighborhood. The state of cell 

k is defined by code vector wk of its SOM unit. CA cells divide up input space on principle of the nearest 

neighbor forming Voronoi’s partition. 

Two initial configurations of cellular automaton are realized: ‘init’ and ‘far’. Configuration parameters 

are length mg and width ng of SOM rectangular grid, initial neuron positions in the input space, boundary 

conditions, matrix of connections between neighboring neurons. 

The examples of such matrix for CA with the Moore’s neighborhood are given in Fig. 1, where ‘+’ is 

for enabled connections, and ‘-’ is for broken connections between the neighboring SOM units. 

 

Fig. 1. The matrix of connections between the 5*4 SOM units for the Moore’s and von Neumann’s 

neighborhood: a) full-connected map, b) partly-connected map. 

Code vectors in the initial configuration ‘init’ are located in the input space on the XY plane defined by 

two most correlated coordinates of training data set. Thus, when using principal component analysis (PCA), 

it will be the plane of two principal components. 

Code vectors of SOM units, except central one, in initial configuration ‘far’ localize far from the 

normalized input space. Therefore, in all iterations of the first training epoch, only the central neuron and 

its nearest neighbors will always win. 

SOM training by cellular automaton is performed in three phases: 

• activating of SOM units; 

• SOM training by cellular automaton; 

• SOM training by k-means algorithm. 

SOM training algorithm by a cellular automaton is written as: 

Variables and parameters of the algorithm 

mg, ng is a number of columns and rows of the SOM rectangular grid; 

alpha is an initial angle of the SOM grid rotation; 

inv.y is a logical flag of the coordinate y sign inversion; 

dalpha is an addition to the rotation angle alpha; 



delay is a relative delay of the SOM grid rotation on the angle dalpha; 

neib8 is a logical flag that determines the neighborhood type of CA cells: neib8=TRUE - Moore’s 

neighborhood, neib8=FALSE – von Neumann’s neighborhood; 

tor is a parameter that specifies boundary conditions of the map: tor=“tor” - a periodical horizontal and 

vertical boundary conditions, tor=“tor.h” - a periodical horizontal boundary conditions, tor=“no” - an 

initial rectangular map; 

ndiv is an interleave factor: ndiv=1 - activating of SOM units without interleaving (like in [10]), ndiv=2|3 - 

interleaving of activating epochs with training epochs by k-means algorithm in the ratio of 1/(ndiv-1); 

EPS is a scaling constant; 

nlinks is a number of epochs in the first two SOM training phases; 

epochs is a total amount of SOM training epochs; 

wk.init is initial code vectors in the configuration ‘init’; 

map is a matrix of connections between SOM units (Fig. 1); 

cond is a logical flag: cond=TRUE – full-connected map, cond=FALSE –  

partly-connected map (WTA phase). 

 

Pseudo code of the algorithm 

Loading of training objects 

Creation of a rectangular SOM grid 

Generation of a matrix of connections 

Algorithm initialization 

cond = TRUE 

for (t=1..epochs) 

  if (t==round(nlinks*delay)) {SOM rotation on the angle dalpha} 

  wts(t):=EPS*wk.init 

  for (i=1..n) 

    Search for the winning neuron 

    if (cond) 

Search for the winning neuron neighbors 

Increment counters wins(t) of all winning neurons 

    else 

Increment counter wins(t) of the winning neuron 

    end if 

Update coordinates wts(t) with the help of Hebb’s rule 

  next i 

  wk(t):=-wts(t)/wins(t) 

  if (t>nlinks & hist>EPS) 

wk(t):=(1-hist)*wk(t)+hist* wk(t-1) 

  if (SOM activating phase) 

if (ndiv>1) 

cond:=epoch%%ndiv==1 

else 

cond:=TRUE 

  else // SOM training phase 

    if (t<=nlinks) 

      cond:=TRUE 

    else // k-means phase 

        cond:=FALSE 

  end if 

next t 

 

The site https://github.com/okmih/Anikin_Kohonen contains the R code of the training algorithm and 

the data sets studied in the paper. 

 
 
2.2. SOM quality measures 
 

A self-organizing map can be considered as a nonlinear generalization of PCA. As well as the cluster 

algorithms, the quality of SOM depends on the initialization conditions: the initial values of the code vectors, 

the neighborhood function, the learning speed, the procedure for feeding learning objects, the number of 
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training eras, etc. All SOM initialization schemes can be divided into two classes: random initialization and 

specific initialization, which takes into account the spatial structure of training data. 

Typically, SOM quality is assessed by how well it maintains the input topology. This means that data 

objects adjacent to each other in the input space must be mapped to neighboring SOM grid units in the 

output space. Several SOM quality criteria have been proposed [15]: 

• quantization error Eq, calculated by the formula: 

 

𝐸𝑞 =
1

𝑛
∑ ‖𝐼(𝐱𝑖) − 𝐱𝑖‖

𝑛
𝑖=1     (4) 

where Eq is a mean distance between data objects 𝐱𝑖 and code vectors I(xi); 

• topographic error Et obtained by averaging local topographical errors over all training 

data: 

 

𝐸𝑡 =
1

𝑛
∑ 𝑢(𝐱𝑖)

𝑛
𝑖=1      (5) 

where u(xi)=1, if the first and second winning neurons for xi are not adjacent map units, otherwise 

u(xi)=0. 

• distortion Ed equal to: 

 

𝐸𝑑 = ∑ ∑ ℎ(𝑁
𝑘=1

𝑛
𝑖=1 𝐼(𝐱𝑖))‖𝐱𝑖 − 𝐰𝑘‖2   (6) 

Main disadvantage of these criteria is the computational complexity of their algorithms. 

Instead of these quality measures, we propose using a simpler and more computationally efficient 

integrated quantile dispersion measure (QDM). 

The integrated QDM is calculated by the formula: 

 

𝑄𝐷𝑀 = √
1

𝑁𝑑
∑ ∑ [𝑄𝑖(𝐱(𝑗)) − 𝑄𝑖(𝐰(𝒋))]2𝑑

𝑗=1
𝑁
𝑖=1    (7) 

where Qi(x(j)) is the ith quantile of the jth coordinate of training data; Qi(w(j)) is the ith quantile of the jth 

coordinate of the code vectors or, equivalently, the jth coordinate of the ith code vector. One can also 

calculate the integral quantile dispersion measures QDM(j) for individual coordinates of code vectors: 

𝑄𝐷𝑀(𝑗) = √
1

𝑁
∑ [𝑄𝑖(𝐱(𝑗)) − 𝑄𝑖(𝐰(𝒋))]2𝑁

𝑖=1     (8) 

𝑄𝐷𝑀 = √
1

𝑑
∑ 𝑄𝐷𝑀(𝑗) ∗ 𝑄𝐷𝑀(𝑗)

𝑑

𝑗=1

 

Due to the simplicity and effectiveness of the algorithms, the values of QDM and QDM(j) can be 

calculated in each training epoch, allowing you to observe the dynamics of their behavior, as well as to 

compare the quality of SOM training using various algorithms 

3. Training data and R script for simulation 
 

The study and comparison of SOM training algorithms were carried out using an R-script that performed 

the following actions: 

1. Upload CSV training data set to the global environment R. 

2. Scale the numerical coordinates of the training data to their standard deviation. 

3. Calculate the correlation matrix of the training numerical data, rearrange two most correlated 

columns of the training set in the place of the first two columns (XY plane). 

4. Set the SOM and training parameters mg, ng, neib8, tor, ndiv, nlinks, epochs, etc. 

5. Form full-connected matrix (Fig. 1а), if necessary, break some connections. 

6. Set the initial positions of the code vectors in the configurations ‘init’ or ‘far’, rotate the map 

by the angle alpha and, if necessary, invert the sign of the code vectors coordinate y. 



7. Train the neural network using online or batch Kohonen algorithm, create an R object som.koh 

of the class 'kohonen' [14]. 

8. Train neural network by cellular automaton in the configurations ‘init’ or ‘far’, create the R 

object som.ca of the class 'kohonen'. 

9. Visualize the connections between neurons and draw the results SOM training with two 

algorithms, display graphs of QDM versus quantile values. 

Comparison of the R objects som.koh and som.ca was performed for six two-dimensional and one 3-

dimensional data sets, as well as for the popular 21-dimensional data set ‘waveform’. 

Two-dimensional random data sets were generated by the Monte Carlo method in Cartesian (‘square’, 

‘circle’, ‘triangle’, ‘rect’) or polar (‘sector180’, ‘sector120’, ‘sector120_3D’) coordinates. The graphs for 

these data sets in the initial configuration ‘init’ are shown in Fig. 2. 

 

Fig. 2. Two-dimensional training data sets: configuration ‘init’, rectangular SOM grid. 

The three-dimensional data set ‘sector120_3D’ was constructed from the two-dimensional set 

‘sector120’ by adding a third coordinate z associated with the coordinate y by the formula: 

zi = yi+amp*(2*runif(1)-1) 

where i=1..n, amp is a random amplitude. 

 

4. Simulation results 
 

The described R script allowed, in one experiment, to perform training of the Kohonen neural network 

successively by two algorithms: the online or batch algorithm som.koh and the algorithm som.ca in the 

configuration ‘init’ or ‘far’. Quality assessment of trained SOMs was carried out by the criterion of 

minimizing the integral quantile dispersion measure QDM. 

SOM size selection. The width mg, height ng and SOM orientation for all data sets depend on spatial 

location of data points in the plane xy. Thus, for the data sets ‘square’, ‘circle’, ‘triangle’, ‘sector180’, it is 

advisable to choose a square map, for data sets ‘sector120’, ‘sector120_3D’, the sides of the map should 

approximately relate to each other as 4:3, for data set ‘rect’ - as 4:1. 

The initial position of neurons is determined by the configuration ‘init’, obtained from the SOM 

rectangular grid by scaling it in the xy plane, rotating it by a user-defined angle alpha and, if necessary, 

inverting the sign of the y coordinate of code vectors (Fig. 2). 



As will be shown, map rotation and inversion of the sign of the y coordinate of code vectors are necessary 

for proper comparison of the training algorithms som.koh and som.ca and, most importantly, for the high-

quality activation of neurons and, as a result, for improvement of the topological characteristics of the trained 

network som.ca. 

SOM twisting. The disadvantages of the classical training algorithm som.koh include unwanted SOM 

twisting at the first phase of training. The following table presents the correlation coefficient of coordinates 

x,y and the percentage of map twists in 20 statistically independent implementations of the som.koh training 

algorithm for two-dimensional data sets. 

 

Table 1. The correlation coefficient and the percentage of map twists 

Data set cor(x, y) som.koh, online, % som.koh, batch, % 

‘square’ 0,025 25 15 

‘circle’ -0,008 5 15 

‘triangle’ 0,095 0 0 

‘sector180’ 0,009 0 5 

‘sector120’ -0,611 0 0 

‘rect’ 0,892 60 70 

 

It can be seen that twisting occurs in the presence of axial or central symmetry in the data spatial 

structure, especially when the width and height of the map differ greatly (data set ‘rect’, Fig. 3). 

When teaching SOM with the algorithm som.koh on axisymmetric and centrally symmetric data sets, 

another pattern is observed: map rotation, i.e. SOM unfolds without twisting, but in different realizations it 

can rotate at the angle 90° or 180°, and for the data set ‘circle’ - at any angle. In addition to rotation, 

sometimes there is mirror reflection of the map. Moreover, even if the map does not twist and rotate for 

some data set, in different realizations the map can unfold into one of several globally distinguishable spatial 

structures (see data set ‘triangle’, Fig. 3). 

 

 

Fig. 3. SOM structures for the data sets ‘rect’ and ‘triangle’ in two implementations of the batch training 

algorithm som.koh. 

Note that these features are very difficult to observe with the SOM visualization tools from the package 

‘kohonen’, especially in the case of data set ‘triangle’ (Fig. 4). 



 

Fig. 4. SOM visualization for data set ‘rect’ using graphical tools of the package ‘kohonen’: a) one 

twisting of the map, b) no twisting. 

As for twisting, as can be seen from Fig. 4, they can be found with great difficulty by comparing 

‘property’ and ‘neibh’ maps obtained in several independent implementations, while the twisting effect is 

easily detected in one implementation on the connection map (Fig. 3). 

It should be especially noted that during training by the algorithm som.ca, SOM did not twist and did 

not rotate spontaneously on all used two-dimensional data sets. The main and expected disadvantage of the 

training algorithm som.ca is poor-quality unfolding of incorrectly oriented and strongly elongated SOM 

grids (compare Fig. 5a and 5b). 

A non-trivial problem requiring special study is the search for a quantitative criterion that determines 

how well a trained SOM preserves the training data topology. In our opinion, the integrated quantile 

dispersion measure QDM (8) can be used as such. It is clear that it is theoretically impossible to establish 

an explicit functional relationship between QDM and quality criteria (5-7), but the regularities of QDM 

behavior in our many experiments with different data sets look quite logical and do not contradict the 

expected results. 

A convincing demonstration of the effectiveness of using the QDM to assess the quality of SOM 

topological mapping is the results of our experiments obtained on the two-dimensional data set ‘square’ 

(Fig. 6-9). This data set is the benchmark for testing the som.ca algorithm, both in the configurations ‘init’ 

and ‘far’. SOM training on this data set was performed with the initial parameters: neib8=TRUE, tor=‘no’, 

ndiv=1, alpha=0, inv.y=TRUE, dalpha=9, delay=0.8, mg=21, ng=21, nlinks=20, epochs=30, n/N=9.1, 

mode=‘batch’, rlen=100, seed=101. 

The graph of QDM versus the number of training epochs (Fig. 6) shows that the quantile dispersion 

measure monotonically decreases in the 2nd phase of training with the cellular automaton, decreases sharply 

when the map is rotated by angle dalpha and quickly reaches the final stationary state in the 3rd phase of 

SOM training using algorithm k-means. The map ‘init’ in Fig. 6 shows the initial location of the SOM in 

the plane xy. It is easy to see from it that in the initial configuration all neurons of the network are active, 

and the first stage of SOM training is not required. The som.koh, som.ca and SOM property maps clearly 

illustrate the preservation of the input data topology when training SOM using any of the som.koh and 

som.ca algorithms. Finally, the graphs ΔQx, ΔQy show the dependence of the quantile difference ΔQ 

between the x,y coordinates of the code vectors and the training vectors wj, xj on the quantile number q in 

the 2nd and 3rd phases of training, where q = 1..N (note that in unattainable ideal, the graphs should coincide 

with the straight lines ΔQx=0, ΔQy=0). 

 



 

Fig. 5. SOM structure for data set ‘rect’ trained by CA in configuration ‘far’: mg=28, ng=7, alpha=45, 

nlinks=70, epochs=80; map orientation: a) wrong, b) correct. 

It is clearly seen from these graphs that under these experimental conditions, the quality of SOM training 

with a cellular automaton (black lines) substantially higher than the quality of its training using Kohonen 

batch algorithm (green lines). 

SOM training by a cellular automaton in the configuration ‘far’ differs from the case in Fig.6 by the 

activation phase of remote network neurons (Fig. 7). After the first epoch of training, only the central neuron 

of SOM and its neighbors will be active. In subsequent epochs of training, the neighbors of these neighbors 

become active, etc., until all neurons are activated. At the same time, previously activated neurons are 

actively redistributed over the normalized input space, adapting to the structure of the training data. 

The results of SOM training by a cellular automaton in the configuration ‘far’ with parameters 

alpha=180, inv.y=TRUE, dalpha=9, delay=0.8, mg=21, ng=21, nlinks=45, epochs=55,  on the data set 

‘square’ are shown in Fig. 8 and do not quantitatively differ from the results of its training in the 

configuration ‘init’. Table 2 is also useful in this context. 

We see that in both experiments the integral quantile dispersion quality measure of the quality of SOM 

trained by the Kohonen algorithm turned out to be about 3 times higher than this value for SOM trained by 

a cellular automaton: QDM.ca/QDM.kh0.33, i.e. under the conditions considered, the algorithm som.ca 

significantly superior to the algorithm som.kh in terms of the quality of SOM training. 

However, it should be noted that this is not always the case with more complex training data sets. 

 



 

Fig. 6. SOM training by the classical Kohonen batch algorithm ‘som.koh’ and cellular automaton 

‘som.ca’in the configuration ‘init’. 



 

Fig. 7. Activation of cellular automaton units in the configuration ‘far’. 

 

Table 2. SOM training results in the configurations ‘init’ and ‘far’ 

Configuration ‘init’ Configuration ‘far’ 

QDM.kh=0.0495 

QDM.ca=0.0171 

QDM.ca/QDM.kh=0.345 

QDMj.kh: 0.0446 0.0540 

QDMj.ca: 0.0156 0.0185 

QDM.kh=0.0495 

QDM.ca=0.0158 

QDM.ca/QDM.kh=0.319 

QDMj.kh: 0.0446 0.0540 

QDMj.ca: 0.0132 0.0181 

 

It is interesting that the final state of the network can be improved if in the 2nd phase of training using 

the algorithm som.ca you will rotate the map at a certain angle. This action perturbs the state of all SOM 

units, especially on the periphery of the map, and forces the algorithm to search for a new quasi-stable state, 

similar to the annealing simulation algorithm. 

 



 

Fig. 8. SOM training by the classical Kohonen batch algorithm and a cellular automaton in the 

configuration ‘far’. 

Fig. 9-10 show the dependence of the ratio QDM.ca/QDM.kh on the angle of rotation dalpha and the 

SOM size obtained in the same experiments. It can be seen that the value of this ratio varies quite strongly, 

which can be used to further improving the quality of SOM training. Due to the determinism of the training 

algorithm som.ca, this feature is especially interesting, since it allows to change purposefully the SOM 

training trajectory. 

 



 

Fig. 9. Dependence QDM.ca/QDM.kh on the angle of rotation dalpha. 

 

Fig. 10. Dependence QDM.ca/QDM.kh on n/N. 

Similar results were obtained on the other training data sets that we studied. For example, Fig. 11 shows 

graphs of the behavior of QDM(epoch) and ΔQx,y(q) at the 2nd and 3rd training phases for the data set ‘rect’, 

dalpha=0 and SOM structures shown in Fig. 5. As expected, the function QDM(epoch) decreases 

monotonously at the SOM training phases by a cellular automaton and algorithm k-means. It is important 

that in the phase k-means a stationary state is always reached, whereas finite states of the cellular automaton 

can be a fixed point, as in Fig. 7-8, or a quasi-periodic with period of 2, often found on small 

multidimensional and multimodal training data sets. 

 



 

Fig. 11. Quantile graphs for a SOM trained using the algorithms som.koh and som.ca in the configuration 

‘far’ on the data set ‘rect’ when the map is oriented: a) incorrect, b) right (Fig. 5). 

The following table reflects another regularity that is observed on all two-dimensional data sets: after 

optimizing the initial training parameters for the density of data points n/N in the range from 7 to 20 points 

per unit, the inequality QDM.ca/QDM.kh<1 is fulfilled. 

Table 3. QDM and N/n dependency for data set ‘rect’ 

N 16*4 20*5 25*6 28*7 32*8 36*9 41*10 

n/N 31.3 20.0 13.3 10.2 7.8 6.2 4.9 

QDM.kh 0.0648 0.0568 0.0595 0.0527 0.0532 0.0484 0.0496 

QDM.ca 0.0662 0.0474 0.0301 0.0380 0.0297 0.0604 0.0725 

QDM.ca/QDM.kh 1.02 0.83 0.51 0.72 0.56 1.25 1.70 

 

The violation of this inequality outside the specified range is explained by the fact that for large values 

n/N, the SOM training algorithm does not feel the fine data structure, and for small n/N the number of units 



becomes too large, and due to the local nature of the interactions, the network discovers a quasi-stable finite 

state which is far from optimal. Fig. 12 presents the results of SOM training using the algorithm som.ca for 

the three-dimensional data set ‘sector120_3D’ with optimal initial parameters: init_neu.pos=‘far’, n/N=6.7, 

alpha=20o, mg=20, ng=15, nlinks=45, epochs=65. The graphs ΔQj(q) and the obtained value 

QDM.ca/QDM.kh=0.528 show that the quality of SOM training by the algorithm som.ca is much better than 

by the algorithm som.koh, but this is not always the case with other initial parameters. 

 

Fig. 12. Neural connection maps and quantile graphs for SOM trained by the algorithm som.ca on the data 

set ‘sector120_3D’. 

Finally, the SOM training results on 21-dimensional data set ‘waveform’ with parameters n=1500, 

n/N=6.1, mg=ng=15, alpha=45o, nlinks=40, epochs=50 show that the algorithms som.ca and som.koh give 

close output values, but again we can achieve a small advantage of the algorithm som.ca, as can be seen 

from Table 4. 

Table 4. Values of QDMi and QDM for networks som.koh and som.ca 

 QDM

1 

QDM

2 

QDM

3 

QD

M4 

QD

M5 

QD

M6 

QD

M7 

QD

M8 

QD

M9 

QD

M10 

QD

M11 

som.k

oh 

0.195

3 

0.185

1 

0.164

3 

0.197

1 

0.257

5 

0.231

2 

0.264

8 

0.241

5 

0.208

5 

0.204

0 

0.238

3 

som.c

a 

0.156

0 

0.165

5 

0.145

5 

0.197

3 

0.254

7 

0,242

0 

0.217

2 

0.208

2 

0.183

5 

0.183

9 

0.238

0 

 QDM

12 

QDM

13 

QDM

14 

QD

M15 

QD

M16 

QD

M17 

QD

M18 

QD

M19 

QD

M20 

QD

M21 

QD

M 

som.k

oh 

0.202

8 

0.179

6 

0.187

2 

0.210

4 

0.202

4 

0.201

3 

0.239

4 

0.231

9 

0.263

4 

0.226

1 

0.217

6 

som.c

a 

0.176

7 

0.219

2 

0.191

5 

0.178

1 

0.185

5 

0.188

9 

0.225

2 

0.206

9 

0.229

0 

0.237

6 

0.203

6 

 

5. Conclusion 

Our experiments have showed that the SOM visualization tools built into the package ‘kohonen’ are not 

informative (the code map and the property map are most useful), which forced us to write a panel R function 

for visualizing the neuron connection map (Fig. 3). This map is especially useful for two-dimensional data 



sets, as well as for data sets that can be converted to two-dimensional data using methods of reducing their 

dimensionality. 

Unlike Kohonen online and batch algorithms, algorithm som.ca is deterministic, but by changing the 

initial angle of map rotation and the sign of the coordinate y of the code vectors, the SOM training trajectory 

can be changed and optimized by criterion of minimizing the final QDM value. The rotation of the map and 

inversion of the sign of the coordinate y of the code vectors also make it possible to match the orientations 

of the maps trained by the algorithms som.ca and som.koh and to compare these algorithms with each other 

more correctly. Also, the additional rotation of the map by the angle dalpha in the 2nd phase of SOM training 

perturbs the state of all its units, especially peripheral ones, and, like the annealing simulation algorithm, 

contributes to the global minimization of the integral quality criterion QDM. 

The quality of training of the Kohonen neural network by a cellular automaton strongly depends on the 

choice of sizes and spatial orientation (in particular, the initial angle of rotation) of the SOM. Thus, for 

correlated data sets, a SOM grid with unequal values mg and ng is preferable. 

Depending on initial conditions and configuration of the cellular automaton, the best training result can 

be obtained for the algorithm som.koh or som.ca. However, it should be noted that with the density of data 

points lying in the most interesting interval n/N=5..20, at least on the studied data sets, one can find a training 

trajectory in which the algorithm som.ca is preferable to the algorithm som.koh. 

The main disadvantage of the algorithm som.ca is the poor self-organization of the SOM if it has 

incorrect initial orientation, as well as for complex data sets, because in our case the radius of the 

neighborhood of the cellular automaton is always equal to one. 
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