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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.

c1g

Fig. 1. Graph of routers connections of hypothetical
network of information and telecommunication system
(ITS) of railway transport
Designations: C1 — Rivne; C2 — Lviv; C3 — Ternopil;
C4 — Khmelnytskyi; C5 — Kyiv; C6 — Nizhyn; C7 — Pol-
tava; C8 — Kharkiv; C9 — Sumy; C10 — Luhansk; C11 —
Donetsk; C12 — Krasnoarmiisk; C13 — Chaplyne; C14 —
Dnipro; C15 — Zaporizhzhia; C16 — Znamianka; C17 —
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 tjj. 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 ps.

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'(\/ ',W'), where
V' eVand W' eW , in addition
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> t; > min. (1)

(i, j)ew’

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.

Input layer Hidden layer

Output layer

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.
¥ ¥
N E—

_/ x x

0 ' ‘0

(a) (b)

Fig. 3. Activation function graphs:
a — sigmoid; b — linear

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

mN

N
—<L. <m(—+Dn+m+DH+m (2
I+ log, N L, (m X ) (2)

where L, — the number of synaptic weights; n —
input signal dimension; m — output signal
dimension; N — the number of sample elements.

In this case 210< L, <4020 . Having estimated

the required number of synaptic weights L, we

calculate the required number of neurons in the
hidden layer k according to the known formula:

k= v 3)

m+n

If you take L, =1900, 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:

N H
E(w)=§22(@,-.(k)—v,-.<k»2, @)
k=1 j=1

where G; (k) — desired output of the j-th neuron of
the I-th output layer for k-th sample of the

5 (ir
reference set; }U{R} — actual output of the j-th
neuron of the I-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.

A B C D E F G H I ] K L
11,2 1821]1852]1887] 1912|1944| 2010| 1979] 2001) 2109 2158|213
12,3 1769] 2492]1803] 1827|1858| 1921|1891 1912] 2015 2504 250
12,5 2117]2153]2194] 2224|2262|2338| 2302] 2327] 2452| 2510] 248
i34 2450]1799] 2539] 2539|2539 1679 2663] 2663| 2663| 2062| 204
4,5 1521]1547])1576] 1597|1624| 2705| 1653|1671 1761 1802|178
15,6 1487]1512]1541] 1562|2811 1615|1590] 1607] 1693| 1733|171
i5,8 2084]2119]2159] 2188| 2225|2300 2264] 2289| 2412| 24659] 244
15,11 2311)2350]2395] 2427 2468| 2551|2511 2538| 2674| 2737|271
15,14 2037)2072|2111] 2135|2175|2248| 2213|2237 2357 2412|238
15,17 2201)2238]2281] 2312|2351|2430|2392] 2418| 2548| 2608| 258
16,7 2631) 2676 2727] 2764|15859| 2906| 2861 2892| 1854| 3047|201
t7,.8 1601] 1628] 1659] 1681|1710|1768| 1740] 1759 3047| 1897|187

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.xmly file is shown in Fig. 5.

A
11,2
12,3
12,5
3,4
14,5
15,6
15,8
15,11
15,14
15,17
15,7
17,8
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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.

4\ Neural Fitting (nftool)

&

Select Percentages

-

Validation and Test Data

Set aside some samples for validation and testing.

'5 Randomly divide up the 72 samples:

W Training: 70% 50 samples
@ Validation: 15% = 11 samples
W Testing: 15% - 11 samples

Fig. 6. Data validation and testing window

Hidden Layer

Define a fitting neural network.  (fitnet)

Number of Hidden Neurons: 45

Fig. 7. Setting the hidden neurons

Hidden Layer Output Layer

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).

Algorithms
Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainlm)

Performance: Mean Squared Error  (mse)
Calculations:  MEX

Progress

Epoch: 0 |[ 11 iterations 1000
Time: 0:00:26

Performance: 133 _[ 0.775 0.00
Gradient: 0.381 0,102 1.00e-07
Mu: 0.00100 10.0 1.00e+10
Validation Checks: 0| f | 6

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).

File Edit View Inset Tools Desktep Window Help

Training: R=0.38959 Validation: R=0.43971

15 O Dala
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o
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Qutput ~= 0.47*Target + 0.4
o
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05 0 05 1 15 05 0 05 1 15
Target Target
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o
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Qutput ~= 0.43*Target +0.42
)
o

o051 &
)

05 0 05 1 15 05 0 05 1 15
Target Target

Results

& Samples MSE R
] Training: 50 204886e-1 3895911
a Validation: 1 1.86199e-1 43971 2e-1
W Testing: 1 1833251 440948e-1

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.

b

| | 4 Neural Network Training Error Histogram (ploterthist), Epoch 4, "Maximum MU r... | /= 5 S
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Fig. 11. Graphical presentation of results of NN 21-1-45-21:
a — regression diagrams; 6 — 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.

Creative Commons Attribution 4.0 International
doi: 10.15802/stp2019/166092

© V. M. Pakhomova, T. I. Skaballanovich, V. S. Bondareva, 2019

81


http://creativecommons.org/licenses/by/4.0/

ISSN 2307-3489 (Print), ISSN 2307-6666 (Online)

Hayxka Ta nporpec TpancrnopTy. BicHuk J[HinponeTpoBchKoro
HaLliOHAIBHOTO YHIBEPCHTETY 3ali3HHYHOro TpaHcnopty, 2019, Ne 2(80)

IHOOPMALIIMTHO-KOMYHIKALIITHI TEXHOJIOT'Ti TA MATEMATHYHE MOJIEJTFOBAHHS

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, us
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Table 1
Analysis of operation of 21-1-45-21configuration NN
Edge Organization of experiments on NN
weigh 1 2 3 4 5 6 7 8 9 10
t X y X X X X y X X X X X y
t1,2 1828 | 1| 1859 1895 2549 2549 | 1| 1686 2674 2674 2674 2070 | 1
t2,3 1776 | 1| 2502 1810 1603 1630 | 1| 2716 1 660 1678 1768 1809 |1
t2’5 2125 [ 1| 2162 2549 1568 2822 | 1] 1621 1596 1613 1700 1740 | 1
t3,4 2460 | 0| 1806 2598 2197 2234 | 0| 2309 2273 2298 2422 2479 | 0
t4’5 1527 | 1| 1553 1582 2437 2478 | 1| 2561 2521 2548 2 685 2748 | 1
t5,6 1493 | 1| 1518 1547 2148 2184 | 1| 2257 2222 2 246 2366 2422 |1
t5,8 2092 | 1| 2127 2168 2321 2360 | 1| 2440 2402 2428 2558 2618 | 1
t5,11 2320 | 1| 2359 2405 2775 1595 | 1| 2918 2872 2904 1861 3059 |1
t5,14 2045 | 1| 2080 2119 1 688 1717 | 1| 1775 1747 1766 3059 1905 | 1
t5,17 2210 | 1| 2247 2290 1793 1823 | 1| 1885 1 855 1875 1976 2022 |1
t6,7 2642 | 0| 2687 21738 2108 2145 [ 0| 2217 2183 2207 2325 2379 | 0
t7,8 1607 | 1| 1635 1 666 2029 2063 | 1| 2132 2099 2 856 2237 2289 | 1
t&g 1707 | 1| 1736 1769 1723 1752 | 1| 2870 2 825 2122 3010 3080 |1
tl(),ll 2007 | 1| 2041 2080 2731 2777 | 1| 1811 1783 1802 1 899 1943 | 1
t11,12 1932 | 1| 1965 2002 1 667 1695 | 1| 1752 2749 1744 1 837 1880 | 1
t12,13 2600 | 0| 2645 2695 2 656 2701 | 0| 2792 1725 2779 2929 2255 {0
t13’14 1640 | 1| 1668 1700 2000 2034 | 1] 2102 2069 2091 2204 2997 |1
tygs | 1586 | 1] 1613 1645 1910 1942 | 1| 2007 1976 1997 2104 2154 | 1
t15,16 2528 | 0| 2571 1974 2549 2549 | 0| 1686 2692 2564 2642 2070 | O
t16,17 1905 | 1| 1937 2620 1628 1647 | 1| 2756 1 658 1678 1771 1816 | 1
t17,18 1818 | 1| 1849 1885 1583 2872 | 1| 1692 1596 1627 1707 1756 | 1
MAS + + + + + + + +
Correct solution +
Incorrect solution +

Note: Delay values on routers in the ITS network of rail transport are given in us
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c1

Fig. 14. MST of the ITS network built on the basis of NN (experiment No. 7)
Designations: edge weights — delays on ITS network routers, ps

cis

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

Designations: edge weights — delays on ITS network routers, ps

activation function in the output layer at 10, 45 and

90 hidden neurons using the following algorithms:
Study of the error and time of NN training on  Levenberg-Marquardt; Bayesian Regularization;

the number of hidden neurons by different learning  Scaled Conjugate Gradient. The results obtained

algorithms. Experiments were performed on the are summarized in Table 2.

NN of 21-1-X-21 configuration with a sigmoidal

activation function in the hidden layer and a linear
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Table 2
Error and time of NN training on the number of hidden neurons
Number of hid- Levenberg-Marquardt Bayesian Regularization Scaled Conjugate Gradient
den neurons MSE Number of MSE Number of MSE Number of

epochs epochs 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

10

0.1

0.01

MSE

0.001

number of epochs

0.0001

0.00001
10 45 90
number of hidden neurons

learning algorithms is presented in Fig. 16

1000

100

10

number of hidden neurons

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

s | 2vEn berg-Marguardt

Bayesian Regularization

Scaled Conjugate Gradient

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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number of epochs

50 100 152

length of training sample

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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THTEJEKTYAJBHUHI IIIXIJT 10 BASHAYEHHSI MAPIIPYTIB
Y MEPEXI IHOOPMAIIAHO-TEJEKOMYHIKAIIMHOI CHCTEMHA
SAVIIBHUYHOI'O TPAHCIIOPTY

Mera. Ha cygacHOMYy etami ctpareris iHpopMaTH3allii 3aJ1i3HHYHOTO TPAHCIOPTY YKpaiHU mmependadae mepexin
Ha TPUPIBHEBY CTPYKTYPY KEPYBaHHS 31 CTBOPEHHIM €IUHOTO iH(POPMAIHHOTO MPOCTOPY, TOMY OIHI€I0 13 KIIFOY0-
BHX 3a/1a¥ 3QJIMIIAETHCS OpTraHi3alis MapIIpyTH3alii B Mepexi iHhopMarliiiHo-TenekomyHikaniitHoi cuctemu (ITC).
VY 3B’Sa3Ky 3 IIM METOI0 CTaTTi € po3poOJCHHS METOTUKM BH3HAUCHHS MAapHIPYTiB Yy Mepexi iHdopmariitHo-
TeNEKOMYHIKaliifHOI CHCTEMH 3aJi3HHYHOTO TPAHCHOPTY Ha MaricTpajJbHOMY PiBHI 3 BUKOPUCTaHHAM Helpomepe-
xHOT TexHojorii. MeToauka. [l BU3HauUeHHS MaplIpyTiB y Mepexi iH(OopMaliiiHO-TeIeKOMYHIKaiiHOT CHCTEMU
3aJTI3HUYHOTO TPAHCIIOPTY, 10 Ha Cy4acHOMY eTalli IIpalltoe 3a TexHosorisiMu poruan Ethernet, cTBopeHo HeMpOHHY MOJIENb
21-1-45-21, Ha BXiJ SIKOT I10/Ial0Th MacuB 3aTPHUMOK Ha MapIpyTU3aTopax. 3a pe3yNbTyIOunii BEKTOP B3STi O3HAKU
BXOJ/DKEHHsI KaHaJIB 3B 53Ky 70 MapuipyTiB. PesyasraTH. OnTuManbHUM BapiaHTOM € HelipoHHa Mepexa (HM)
koH(irypamii 21-1-45-21 i3 curmoinanbHOIO (YHKIIE€I0 aKTUBALIl y TMPUXOBAHOMY IIapi W JIHIHHOW (yHKIIEO
aKTHBalil y pe3yJbTyI04OMY Ilapi, 0 HaBYAETHCS 3a anroputMoM Levenberg-Marquardt. Hefiponna mepexa Ha-
BYAETHCS HAHOLIBII IMIBUAKO Ha BUOIpKaX pi3HOI JOBXKHHH, MEHIIE 3a iHIN MiATA€THCS MEPECHABYAHHIO, TOCSATAE
3HAYCHHS CePeIHBbOKBAAPATHIHOI MOMIIKHU B 0,2 i Ha KOHTPOJBHIH BUOIpI BU3HAYAE ONTUMANIBHIUN IIUIAX 3 IMOBi-
pHicTio 0,9, Ipu ILOMY TOCTATHHO JOBXXKWHH HaBuaibHOI BHOipkH 31 100 mpukianis. HaykoBa HoBu3Ha. [1oOymo-
BaHi 3aJIS)KHOCTI CepeTHhOKBAIPATHIHOI TOXHOKN i Yacy HaBYaHHS HEHPOHHO! Mepexki (KUTBKOCTI emox) BiJ Kildb-
KOCTiI NMPHUXOBaHUX HEWPOHIB 3a anropuTMaMu HapuaHHs Levenberg-Marquardt, Bayesian Regularization, Scaled
Conjugate Gradient Ha BuOipkax pi3HOi qoBxHHH. I[IpakTHYHA 3HAYMMIicTh. BukopucranHs OararomapoBoi Hell-
POHHOT MOJIeNi, Ha BXiJ| SIKOT MMOJIAI0Th 3HAUYEHHsI 3aTPUMOK Ha MapHIpyTH3aTOPax, JO3BOJIMTH Y MacuITaldi peasb-
HOTO Yacy BHU3HA4YMTH BIAIMOBIHI MaplIpyTH INepeiadi KepiBHUX MOBioMIIeHb (rpad MiHIMalbHOT BapTOCTi) B Me-
pexi iHpopMaliiHO-TeIeKOMYHIKAI[IHHOT CHCTEMH 3aJi3HUYHOTO TPAHCIIOPTY Ha MaricTpajibHOMY PiBHI.

Knouosi cnoea: inpopmaiiiiHo-TenekomyHikaniiina cucrema; ITC; 3arpumka Ha MapuipyTH3aTopi; HEHpOHHA
Mmepexa; HM; Bubipka; ¢pyHKIIisI akTHBAIIiT, alTOPUTM HaBYaHHS; €110Xa; HOXHUOKa
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UHTEJUIEKTYAJIBHBIN IOJXO0/I K ONPEAEJEHUIO MAPHIPYTOB
B CETU HHOOPMALIMOHHO-TEJIEKOMMYHUKAIIMOHHOU
CUCTEMBI KEJIE3HOJOPOXKXHOI'O TPAHCITIOPTA

Leans. Ha coBpemenHoM atane crpaTerus HHQOPMaTHU3AIMK KEJIE3HOJOPOXKHOTO TPaHCIOpTa Y KpauHbl Mpeay-
CMaTpHBacT NEepPexo] Ha TPEXYPOBHEBYIO CTPYKTYPY YIPABJICHUS C CO3JIaHHEM €JUHOr0 MH(OPMALMOHHOTO IIPO-
CTPaAHCTBA, MOITOMY OJHOI U3 KJIFOYEBBIX 3a]a4 OCTAECTCSl OpTaHMU3alMsd MapLUIpyTH3alUHl B CETH WH(OPMAMOHHO-
TesniekoMMyHHKannoHHo# cuctemsl (MTC). B cBsi3u ¢ 9TUM HENbIO CTaThy SBISIETCS Pa3pabOTKa METOUKH OTpe/ie-
JICHUSI MapIIPyTOB B CETH MH(OPMAIIIOHHO-TEIEKOMMYHHKAIIHOHHONW CHCTEMBI KEJIE3HOIOPOXKHOTO TPAaHCIOPTa Ha
MarucTpajibHOM YPOBHE C UCIIOJIb30BAaHUEM HellpoceTeBOM TexHoioruu. Meroguka. Iy onpenesneHus MapipyToB
B CETH MH()OPMAIMOHHO-TEIIEKOMMYHUKAIMOHHON CHCTEMBI JKEIEe3HOJOPOKHOTO TPAHCIIOPTA, KOTOpask Ha JaHHOM
sTare paboTtaeT mo TexHoJormsIM ceMeiicTBa Ethernet, co3mano HefipoHHYI0 Momenb 21-1-45-21, Ha BXOJ KOTOPOIt
MOJIAI0T MAacCHB 3aJIePKEK Ha MapIIPyTH3aTOpax ceTH. B KauecTBe pe3yabTHPYIOMIEro BEKTOPa IPHUHSITHI IPU3HAKH
BKJIFOUCHHS KAHAJIOB CBS3M A0 MapumpyToB. Pe3yibrarsl. ONTHMAaNbHBIM BapHAHTOM SIBISCTCS HEHpPOHHAs CETh
(HC) xondurypanmn 21-1-45-21 ¢ curmounaisHO# QyHKIMEH aKTHBAIMK B CKPBITOM CJIO€ M JIMHEHHOW QyHKIHEH
aKTUBAIMK B PE3YyIBTUPYIOIIEM Clioe, o0ydyaeMas 1o airoputMmy Levenberg-Marquardt. Heliponnas ceTh 0Oy4aeTcs
HanOosee OBICTPO Ha BHIOOpKAx JOOOW JJIMHBI, MEHEE APYTHX IOJBEp)KEeHa NepeoOyUeHHIO, JOCTUTaeT 3HAYCHHUS
CpeaHeKBaApaTHYHOH omnoOky B 0,2 1 Ha KOHTPOJIBHOW BBEIOOPKE ONpeNeNsieT ONTUMAIBHBIN ITYTh C BEPOSTHOCTHIO
0,9, mpu 3TOM J10CTaTOYHO JIMHBI 00ydvaroiiell Beioopku co 100 npumepos. Hayunas noBu3Ha. IlocTpoeHs! 3aBu-
CHUMOCTH CpEIHEKBaIpaTHYHOI MOTPEUIHOCTH U BpeMeHH 00yueHHs1 HEHPOHHOI ceTn (KOJIMYeCTBa 3II0X) OT KOJIH-
YecTBa CKPHITHIX HEHPOHOB 10 anroputMaM obydeHus Levenberg-Marquardt, Bayesian Regularization, Scaled Con-
jugate Gradient Ha BBIOOpKax pa3nmyHOl uMHBL. [IpakTH4Yeckasi 3HAYMMOCTB. VIcronp30BaHNEe MHOTOCIOHHOMN
HEWpOHHOW MOAENH, HA BXOJ KOTOPOH IOJAIOT 3HAUCHMS 3a/IePXKEK Ha MapIIpyTH3aTOpax, MO3BOJIUT B MaciiTade
peasbHOTO BPEMEHH OMNpPEIEIUTh COOTBETCTBYIOIINE MApIIPYTHl NEpefadn yNpaBISIOMIMX cooOmeHuit (rpad mMu-
HUMAJIBHOH CTOMMOCTH) B CETH MH(OPMALMOHHO-TEICKOMMYHHUKAIIMOHHOW CHCTEMBI >KEJIC3HOAOPOKHOTO TpaHC-
MOpTa HAa MAarucTPaJIbHOM ypOBHE.

Kniouegvie cnosa: MHGOPMALMOHHO-TEICKOMMYHHUKAIMOHHas cucTeMa; MTC; 3agepxka Ha MapIIpyTH3aToOpE;
HeiiponHas ceTs; HC; BeIOOpKa; PyHKITHS aKTUBAIMH; JITOPUTM O0YUEHHS; 3110Xa; MOTPEITHOCTh
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