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INTELLIGENT ROUTING IN THE NETWORK OF INFORMATION AND 

TELECOMMUNICATION SYSTEM OF RAILWAY TRANSPORT 

Purpose. At the present stage, the strategy of informatization of railway transport of Ukraine envisages the tran-
sition to a three-level management structure with the creation of a single information space, therefore one of the key 
tasks remains the organization of routing in the network of information and telecommunication system (ITS) of 
railway transport. In this regard, the purpose of the article is to develop a method for determining the routes in the 
network of information and telecommunication system of railway transport at the trunk level using neural network 
technology. Methodology. In order to determine the routes in the network of the information and telecommunica-
tion system of railway transport, which at present is working based on the technologies of the Ethernet family, one 
should create a neural model 21-1-45-21, to the input of which an array of delays on routers is supplied; as a result 
vector – build tags of communication channels to the routes. Findings. The optimal variant is the neural network of 
configuration 21-1-45-21 with a sigmoid activation function in a hidden layer and a linear activation function in the 
resulting layer, which is trained according to the Levenberg-Marquardt algorithm. The most quickly the neural net-
work is being trained in the samples of different lengths, it is less susceptible to retraining, reaches the value of the 
mean square error of 0.2, and in the control sample determines the optimal path with a probability of 0.9, while the 
length of the training sample of 100 examples is sufficient. Originality. There were constructed the dependencies of 
mean square error and training time (number of epochs) of the neural network on the number of hidden neurons ac-
cording to different learning algorithms: Levenberg-Marquardt; Bayesian Regularization; Scaled Conjugate Gradi-
ent on samples of different lengths. Practical value. The use of a multilayered neural model, to the entry of which 
the delay values of routers are supplied, will make it possible to determine the corresponding routes of transmission 
of control messages (minimum value graph) in the network of information and telecommunication system of railway 
transport at the trunk level in the real time. 

Keywords: information and telecommunication system; ITS; router delay; neural network; NN; sample; activa-
tion function; learning algorithm; epoch; error  
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Introduction 

Until recently, the work of the railway transport 
of Ukraine was the interaction of six railways, on 
each of which an appropriate information and tele-
communication system (ITS) was implemented. 
The main focus of the development of ITS rail 
networks is the use of Ethernet (Ethernet, Fast 
Ethernet, Gigabit Ethernet) family technologies 
that provide a 10/100/1000 Mbps hierarchy and the 
use of the TCP/IP protocol stack [9]. The most im-
portant part of ITS of railway transport is the data 
transmission network, which is a three-level hier-
archical structure and has the following levels: 
trunk, road, linear. The node of the data transmis-
sion network belongs to the trunk level, if it in-
cludes, besides the connections to the nodes of the 
data transmission network of a particular railway, 
a connection to the nodes of the data transmission 
network of other railways. Local enterprise net-
works belong to the linear level, all other nodes of 
the data network – to the road level. 

To build a unified data transmission network of 
Ukrzaliznytsia, the network equipment of Cisco 
[13], which is an integrated software and hardware 
complex, was selected. One of the key tasks is the 
organization of routing in the railway transport ITS 
network. The current routing protocol (OSPF pro-
tocol) uses the search for the shortest path on the 
graph, the real-time implementation of which 
causes some difficulties, so it is advisable to find 
solutions to the routing problem using the methods 
of artificial intelligence [10, 13-20] and study them 
[1-4, 7]. For example, for the search of the shortest 
path on the route graph in the railway transport 
ITS, we analyzed the possibility of using the Hop-
field network, ant colony and genetic methods [8], 
for the integrated network of ITS of railway 
transport, that in the prospect should work on dif-
ferent technologies, we defined the optimal route 
by the means of the software model 
«MLP34-2-410-34», the input of which is an array 
of bandwidth network channels [17]. In addition to 
the parameters studied (distance between routers, 
channel bandwidth) it is appropriate to conduct 
a study of other parameters, such as: service avail-
ability; line losses; router delays. 

Purpose 

To develop a routing methodology in the ITS 
network of rail transport at the trunk level using 
the neural network technology. 

Methodology 

Let us consider a fragment of a hypothetical 
network of railway transport ITS presented in 
Fig. 1. 

Fig. 1. Graph of routers connections of hypothetical 
network of information and telecommunication system 

(ITS) of railway transport 
Designations: C1 – Rivne; С2 – Lviv; C3 – Ternopil; 

C4 – Khmelnytskyi; С5 – Kyiv; C6 – Nizhyn; С7 – Pol-

tava; С8 – Kharkiv; С9 – Sumy; С10 – Luhansk; C11 – 

Donetsk; C12 – Krasnoarmiisk; C13 – Chaplyne; С14 – 

Dnipro; С15 – Zaporizhzhia; C16 – Znamianka; С17 – 

Odesa; C18 – Izmail 

The ITS network of rail transport may be repre-
sented as a weighted graph G (V, W), where V is 
the set of vertices of the graph whose number is 
equal to B (B = 18), with each vertex modeling 
a node (router) of the network; W is the set of edg-
es of the graph, each edge simulates the relation-
ship between the nodes, the number of graph edges 
is equal to M (M = 21). 

Each edge of the graph is assigned with a cer-
tain weight tij. Since the channel transmission time 
is much smaller, it is expedient to use the router 
delay time when transmitting data from the i-th to 
j-th router of the ITS network of railway transport, 
as a weight, in μs. 

It is necessary to determine the minimal span-
ning tree (MST) of the rail transport ITS network, 
that is, to find such a graph ' ' '( , )G V W , where 

'V V and 'W W , in addition 
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( , )

min.i j

i j W

t


  (1) 

The construction of MST is useful for distrib-
uting messages addressed to all nodes of the ITS 
network of rail transport at the trunk level, for ex-
ample, the control messages from the main node 
(Kyiv), then the weight of the whole spanning tree 
is the cost of sending a message to all its nodes. It 
should also be noted that if all the weights of the 
graph edges are different then there is only one 
MST of the network. 

Neural network as the main mathematical de-

vice for solving the problem. To determine the 
MST in the ITS network of rail transport, we used 
a two-layer neural network (NN), the input vector 
of which is a plurality of delays on routers and 
consists of 21 neurons, the resulting vector is build 
tags of communication channels to the routes, and 
also consists of 21 neurons. The corresponding NN 
structure is shown in Fig. 2. 

Fig. 2. Structure of the two-layer neural network (NN) 

As an activation function of a hidden layer it is 
appropriate to use the sigmoidal function, which is 
presented in Fig. 3, a, in the resulting layer – a lin-
ear function shown in Fig. 3, b. 

Fig. 3. Activation function graphs: 
а – sigmoid; b – linear 

Determination of the number of neurons in NN 
layers is performed using the following formula: 

2
( 1)( 1)

1 log w

mN N
L m n m m

N m
     


(2) 

where wL  – the number of synaptic weights; n –
input signal dimension; m – output signal 
dimension; N – the number of sample elements.  

In this case 210 4020wL  . Having estimated 
the required number of synaptic weights wL , we 
calculate the required number of neurons in the 
hidden layer k according to the known formula: 

wL
k

m n



. (3) 

If you take 1900wL  , then the number of 
neurons in the hidden layer will be 45. 

The training of a multi-layered NN involves the 
use of the reverse error propagation algorithm. The 
training samples are used for learning. The basis of 
NM training is the minimization of some target 
function, which depends on the parameters of the 
neurons and infinity of training samples. As 
a minimizing target error function of a multilayer 
NN, the function of the following type is taken: 

2

1 1

1( ) ( ( ) ( ))
2

N H

jl jl

k j

E w G k Y k
 

  , (4) 

where ( )jlG k  – desired output of the j-th neuron of 
the l-th output layer for k-th sample of the 

reference set; – actual output of the j-th
neuron of the l-th output layer when supplied to the 
k-th sample network input from the reference set. 

Preparation of the general sample (preparatory 

stage). The formation of a general sample of NN 
was carried out for a fragment of a hypothetical 
network of railway ITS (see Fig. 1). Sample data 
are obtained on the corresponding simulation mod-
el of the ITS network of rail transport, created with 
assistance of the Master A. Piskun in modelling 
system OpNet Modeler [6] using Gigabit Ethernet 
technology under the following conditions: proto-
col – TCP; type of traffic – FTP; traffic intensity – 
600 MB/s; package length – 700 bytes; operation 
time of the network simulation model – 14 min. 
Learning vectors are formed in the form of tables 
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using the Excel package in two files. In the first 
file «input.xml», the data submitted to the NN in-
put, are presented in the form of 21 vectors; 
a fragment of contents of the file «input.xml» is 
shown in Fig. 4. 

Fig. 4. Fragment of contents of the file «input.xml» 

In the second file «target.xml», the data submit-
ted to the NN output are also represented as 
21 vectors; a fragment of contents of the «tar-
get.xml» file is shown in Fig. 5. 

Fig. 5. Fragment of contents of the file «target.xml» 

Creating a neural network. Neural Network 
Toolbox for the MatLab environment was chosen 
as a neural package to solve the problem of routing 
the rail transport ITS network. Using Import Data 
on the Matlab toolbar, the data were imported from 
the created Excel-table. Training, testing and anal-
ysis of NN work are carried out on appropriate 
samples (Training, Testing and Validation), whose 
percentage from the general sample is shown in 
Fig. 6. 

The «Network Architecture» window provides 
the required number of hidden neurons (Figure 7). 

Fig. 8 shows the structure of the created neural 
network. 

Fig. 6. Data validation and testing window 

Fig. 7. Setting the hidden neurons 

Fig. 8. Structure of the created NN 

Teaching and testing of neural network. In the 
Train Network window, one of the three proposed 
learning algorithms for the NN (Levenberg-
Marquardt, Bayesian Regularization, and Scaled 
Conjugate Gradient) is selected. For example, 
learning of the 21-1-45-21 configuration NN by 
the Levenberg-Marquardt algorithm took place 
during 11 epochs, the time spent was 26 s (Fig. 9). 

Fig. 9. Characteristics of the NN training 
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Mean Squared Error (MSE) is the mean square 
deviation between output and target; the lower the 
value, the better; zero means no error. The value of 
regression R means the correlation between output 
and target. If R = 1, this means close correlation, 
zero is a random relationship. The MSE values of 
training, validation and testing of the neural net-
work made 0.204, 0.186 and 0.183, respectively; R 
has a value of 0.38, 0.43 and 0.44, respectively 
(Fig. 10). 

Fig. 10 Results of the NN 21–1–45–21 

Regression diagrams and error histograms of 
the 21-1-45-21 configuration NN by the Leven-
berg-Marquardt algorithm are presented in Fig. 11. 

a b 

Fig. 11. Graphical presentation of results of NN 21-1-45-21: 
а –  regression diagrams; б – error histogram 

Findings 

Analysis of the neural network operation. 

Based on the results obtained on the 21-1-45-21 
configuration NN, the MST of the ITS network of 
railway transport was built and presented in Fig. 12 
(the bold line shows the route for sending control 
messages from Kyiv). 

According to the Kruskal algorithm [5] (with-
out using NN), the MST of the ITS network of 
railway transport was built, as shown in Fig. 13. 

As can be seen from Fig. 12-13, the results co-
incided, that is, the NN of configuration 21-1-45-
21 works correctly. Ten launches were conducted 

on this NN, the data obtained are summarized in 
Table 1. 

From the table it is clear that the probability of 
building the MST of the ITS network of rail 
transport is 0.9 (experiments No. 1-2, 4-10), here-
with in experiment No. 7 another MST was ob-
tained (different edges had the same value of 
weight), but the solution is correct (Fig. 14), but in 
experiment No. 3, the solution provided by the NN 
is, unfortunately, incorrect (gap in the route: sepa-
ration of C1-C2-C3 fragment from C5, which is 
the source of sending control messages), Fig. 15. 
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Fig. 12. MST of the ITS network based on NN 

Fig. 13. MST the ITS network, built by the Kruskal algorithm 
Designations: edge weights – delays on ITS network routers, µs 
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Table  1  

Analysis of operation of 21-1-45-21configuration NN 

Edge 
weigh

t 

Organization of experiments on NN 
1 2 3 4 5 6 7 8 9 10 

x y x y x y x y x y x y x y x y x y x y

1,2t 1 828 1 1 859 1 1 895 1 2 549 1 2 549 1 1 686 1 2 674 1 2 674 1 2 674 1 2 070 1 

2,3t 1 776 1 2 502 1 1 810 1 1 603 1 1 630 1 2 716 1 1 660 1 1 678 1 1 768 1 1 809 1 

2,5t 2 125 1 2 162 1 2 549 1 1 568 1 2 822 1 1 621 1 1 596 1 1 613 1 1 700 1 1 740 1 

3,4t 2 460 0 1 806 0 2 598 0 2 197 0 2 234 0 2 309 0 2 273 0 2 298 0 2 422 0 2 479 0 

4,5t 1 527 1 1 553 1 1 582 1 2 437 1 2 478 1 2 561 1 2 521 1 2 548 1 2 685 1 2 748 1 

5,6t 1 493 1 1 518 1 1 547 1 2 148 1 2 184 1 2 257 1 2 222 1 2 246 1 2 366 1 2 422 1 

5,8t  2 092 1 2 127 1 2 168 1 2 321 1 2 360 1 2 440 1 2 402 1 2 428 1 2 558 1 2 618 1 

5,11t  2 320 1 2 359 1 2 405 1 2 775 1 1 595 1 2 918 1 2 872 1 2 904 1 1 861 1 3 059 1 

5,14t 2 045 1 2 080 1 2 119 1 1 688 1 1 717 1 1 775 1 1 747 1 1 766 1 3 059 1 1 905 1 

5,17t 2 210 1 2 247 1 2 290 1 1 793 1 1 823 1 1 885 1 1 855 1 1 875 1 1 976 1 2 022 1 

6,7t 2 642 0 2 687 0 2 738 0 2 108 0 2 145 0 2 217 0 2 183 0 2 207 0 2 325 0 2 379 0 

7,8t 1 607 1 1 635 1 1 666 1 2 029 1 2 063 1 2 132 1 2 099 1 2 856 1 2 237 1 2 289 1 

8,9t 1 707 1 1 736 1 1 769 1 1 723 1 1 752 1 2 870 1 2 825 1 2 122 1 3 010 1 3 080 1 

10,11t  2 007 1 2 041 1 2 080 1 2 731 1 2 777 1 1 811 1 1 783 1 1 802 1 1 899 1 1 943 1 

11,12t  1 932 1 1 965 1 2 002 1 1 667 1 1 695 1 1 752 1 2 749 1 1 744 1 1 837 1 1 880 1 

12,13t  2 600 0 2 645 0 2 695 0 2 656 0 2 701 0 2 792 0 1 725 0 2 779 0 2 929 0 2 255 0 

13,14t  1 640 1 1 668 1 1 700 1 2 000 1 2 034 1 2 102 1 2 069 1 2 091 1 2 204 1 2 997 1 

14,15t 1 586 1 1 613 1 1 645 1 1 910 1 1 942 1 2 007 1 1 976 0 1 997 1 2 104 1 2 154 1 

15,16t 2 528 0 2 571 0 1 974 1 2 549 0 2 549 0 1 686 0 2 692 1 2 564 0 2 642 0 2 070 0 

16,17t 1 905 1 1 937 1 2 620 0 1 628 1 1 647 1 2 756 1 1 658 1 1 678 1 1 771 1 1 816 1 

17,18t 1 818 1 1 849 1 1 885 1 1 583 1 2 872 1 1 692 1 1 596 1 1 627 1 1 707 1 1 756 1 

MAS + +  + + +  + + + 

Correct solution     + 

Incorrect solution + 

Note: Delay values on routers in the ITS network of rail transport are given in μs 
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Fig. 14. MST of the ITS network built on the basis of NN (experiment No. 7) 
Designations: edge weights – delays on ITS network routers, µs 

Fig. 15. Incorrect solution obtained on NN (experiment No. 3) 

Designations: edge weights – delays on ITS network routers, µs 

Originality and practical value 

Study of the error and time of NN training on 

the number of hidden neurons by different learning 

algorithms. Experiments were performed on the 
NN of 21-1-X-21 configuration with a sigmoidal 
activation function in the hidden layer and a linear 

activation function in the output layer at 10, 45 and 
90 hidden neurons using the following algorithms: 
Levenberg-Marquardt; Bayesian Regularization; 
Scaled Conjugate Gradient. The results obtained 
are summarized in Table 2. 
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Table  2  

Error and time of NN training on the number of hidden neurons 

Number of hid-
den neurons 

Levenberg-Marquardt Bayesian Regularization Scaled Conjugate Gradient 
MSE Number of 

epochs 
MSE Number of 

epochs 
MSE Number of 

epochs 

10 0.775 2 0.392 4 0.00770 125 

45 0.204 11 0.870 5 0.00015 154 

90 0.991 29 1.270 6 0.00004 302 
The dependence of error and time of NN train-

ing on the number of hidden neurons by different 
learning algorithms is presented in Fig. 16 

.

Fig. 16. MSE and NN training time versus the number of hidden neurons 
Designations:

From Fig.16 it can be seen that with the in-
creased number of neurons in the hidden layer, the 
time of training for the 21-1-X-21 configuration 
NN increases, with 45 neurons in the hidden layer 
being optimal by the Levenberg-Marquardt algo-
rithm. 

Study of the error and time of training NN on 

the length of the training sample by the Levenberg-

Marquardt algorithm. Experiments were per-
formed on the 21-1-45-21 configuration NN with 
a sigmoid activation function in the hidden layer 
and a linear activation function in the output layer, 
while the length of the training sample was 50, 100 
and 152 examples. Dependence of the error and 
time of training of the NN on the length of the 

training sample is presented in Fig. 17. The Figure 
shows that the increased length of the training 
sample results in decrease in the root mean square 
error, while the training time of NN increases rap-
idly, but the use of the sample with 100 examples 
for the NN training is sufficient. 

The use of a multilayered neural model, to the 
entry of which the delay values of routers are sup-
plied, will make it possible to determine the corre-
sponding routes of transmission of control messag-
es from Kyiv (minimum value graph) in the ITS 
network of railway transport at the trunk level in 
the real time. 
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Fig. 17. MSE and NN training time versus the training sample length 

Conclusions 

1. To determine routes for sending the control
messages in the ITS network (at the trunk level) of 
railway transport using the Neural Network 
Toolbox of the Matlab environment the neural 
network of configuration 21-1-45-21 is created, to 
the input of which an array of delays on the routers 
is supplied; as a result vector – build tags of com-
munication channels to the routes. 

2. The neural network of configuration
21-1-45-21 with a sigmoidal activation function in 
the hidden layer and a linear function in the result-
ing layer under the learning algorithm of Leven-
berg-Marquardt for 11 epochs gives the MSE value 
of 0.204, 0.186 and 0.183 in the training, valida-
tion and testing samples, respectively. The result 
given by the neural network coincides with the 
graph obtained by the Kruskal algorithm. In addi-
tion, 10 experiments on the neural network were 

conducted: the correct result is achieved with a 
probability of 0.9. 

3. On the 21-1-X-21 neural network, a study
was made of the mean square error and time of 
training on the number of hidden neurons (10, 45 
and 90) under different learning algorithms: Le-
venberg-Marquardt, Bayesian Regularization, and 
Scaled Conjugate Gradient. It is determined that 
the optimal variant is the configuration 21-1-45-21 
by the Levenberg-Marquardt algorithm. 

4. On the 21-1-45-21configuration neural net-
work, there was conducted the study of the mean 
square error and the time of training depending on 
the length of the training sample: 50, 100 and 152 
examples using the Levenberg-Marquardt algo-
rithm. It is determined that the increased length of 
the training sample results in decrease in the root 
mean square error, while the training time of the 
neural network increases rapidly, but the use of the 
sample with 100 examples for its training is suffi-
cient. 
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ІНТЕЛЕКТУАЛЬНИЙ ПІДХІД ДО ВИЗНАЧЕННЯ МАРШРУТІВ 

У МЕРЕЖІ ІНФОРМАЦІЙНО-ТЕЛЕКОМУНІКАЦІЙНОЇ СИСТЕМИ 

ЗАЛІЗНИЧНОГО ТРАНСПОРТУ 

Мета. На сучасному етапі стратегія інформатизації залізничного транспорту України передбачає перехід 
на трирівневу структуру керування зі створенням єдиного інформаційного простору, тому однією із ключо-
вих задач залишається організація маршрутизації в мережі інформаційно-телекомунікаційної системи (ІТС). 
У зв’язку з цим метою статті є розроблення методики визначення маршрутів у мережі інформаційно-
телекомунікаційної системи залізничного транспорту на магістральному рівні з використанням нейромере-
жної технології. Методика. Для визначення маршрутів у мережі інформаційно-телекомунікаційної системи 
залізничного транспорту, що на сучасному етапі працює за технологіями родини Ethernet, створено нейронну модель 
21–1–45–21, на вхід якої подають масив затримок на маршрутизаторах. За результуючий вектор взяті ознаки 
входження каналів зв’язку до маршрутів. Результати. Оптимальним варіантом є нейронна мережа (НМ) 
конфігурації 21–1–45–21 із сигмоїдальною функцією активації у прихованому шарі й лінійною функцією 
активації у результуючому шарі, що навчається за алгоритмом Levenberg-Marquardt. Нейронна мережа на-
вчається найбільш швидко на вибірках різної довжини, менше за інші піддається перенавчанню, досягає 
значення середньоквадратичної помилки в 0,2 і на контрольній вибірці визначає оптимальний шлях з імові-
рністю 0,9, при цьому достатньо довжини навчальної вибірки зі 100 прикладів. Наукова новизна. Побудо-
вані залежності середньоквадратичної похибки й часу навчання нейронної мережі (кількості епох) від кіль-
кості прихованих нейронів за алгоритмами навчання Levenberg-Marquardt, Bayesian Regularization, Scaled 
Conjugate Gradient на вибірках різної довжини. Практична значимість. Використання багатошарової ней-
ронної моделі, на вхід якої подають значення затримок на маршрутизаторах, дозволить у масштабі реаль-
ного часу визначити відповідні маршрути передачі керівних повідомлень (граф мінімальної вартості) в ме-
режі інформаційно-телекомунікаційної системи залізничного транспорту на магістральному рівні. 

Ключові слова: інформаційно-телекомунікаційна система; ІТС; затримка на маршрутизаторі; нейронна 
мережа; НМ; вибірка; функція активації; алгоритм навчання; епоха; похибка  
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ИНТЕЛЛЕКТУАЛЬНЫЙ ПОДХОД К ОПРЕДЕЛЕНИЮ МАРШРУТОВ 

В СЕТИ ИНФОРМАЦИОННО-ТЕЛЕКОММУНИКАЦИОННОЙ 

СИСТЕМЫ ЖЕЛЕЗНОДОРОЖНОГО ТРАНСПОРТА 

Цель. На современном этапе стратегия информатизации железнодорожного транспорта Украины преду-
сматривает переход на трехуровневую структуру управления с созданием единого информационного про-
странства, поэтому одной из ключевых задач остается организация маршрутизации в сети информационно-
телекоммуникационной системы (ИТС). В связи с этим целью статьи является разработка методики опреде-
ления маршрутов в сети информационно-телекоммуникационной системы железнодорожного транспорта на 
магистральном уровне с использованием нейросетевой технологии. Методика. Для определения маршрутов 
в сети информационно-телекоммуникационной системы железнодорожного транспорта, которая на данном 
этапе работает по технологиям семейства Ethernet, создано нейронную модель 21–1–45–21, на вход которой 
подают массив задержек на маршрутизаторах сети. В качестве результирующего вектора приняты признаки 
включения каналов связи до маршрутов. Результаты. Оптимальным вариантом является нейронная сеть 
(НС) конфигурации 21–1–45–21 с сигмоидальной функцией активации в скрытом слое и линейной функцией 
активации в результирующем слое, обучаемая по алгоритму Levenberg-Marquardt. Нейронная сеть обучается 
наиболее быстро на выборках любой длины, менее других подвержена переобучению, достигает значения 
среднеквадратичной ошибки в 0,2 и на контрольной выборке определяет оптимальный путь с вероятностью 
0,9, при этом достаточно длины обучающей выборки со 100 примеров. Научная новизна. Построены зави-
симости среднеквадратичной погрешности и времени обучения нейронной сети (количества эпох) от коли-
чества скрытых нейронов по алгоритмам обучения Levenberg-Marquardt, Bayesian Regularization, Scaled Con-
jugate Gradient на выборках различной длины. Практическая значимость. Использование многослойной 
нейронной модели, на вход которой подают значения задержек на маршрутизаторах, позволит в масштабе 
реального времени определить соответствующие маршруты передачи управляющих сообщений (граф ми-
нимальной стоимости) в сети информационно-телекоммуникационной системы железнодорожного транс-
порта на магистральном уровне. 

Ключевые слова: информационно-телекоммуникационная система; ИТС; задержка на маршрутизаторе; 
нейронная сеть; НС; выборка; функция активации; алгоритм обучения; эпоха; погрешность 
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