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EVALUATION OF TRANSPORT SYSTEM CONFIGURATION
BY EFFICIENCY INDICATORS

Summary. The study is devoted to the process of evaluating the efficiency of the transport
system in terms of urban mobility. The approach is based on the use of a system of performance
indicators using neurocomputer technologies. Generalized models for obtaining a vector of
performance indicators and an integral performance indicator in the form of computer neural
networks are proposed. It is shown that to record the fact that the indicator values fall to the
threshold and below, it is enough to use a neural network built on perceptron neurons. The multi-
layered model for determining the integral indicator allows assessing the importance of individual
indicators in the system of monitoring the efficiency of a given configuration of the transport system.
An experimental study of twenty-five states of the transport system of various configurations in the
cities of Poland and Ukraine was carried out. The key indicators of the system's efficiency are
determined, namely, the energy efficiency indicator of the vehicle as a system element, the
environmental indicator and the traffic safety indicator. Based on the results of the experimental
study, a neural network structure is proposed for evaluating the energy efficiency of given
configurations of the transport system. For the purpose of training and testing the obtained network,
the procedure of adjusting the threshold value of the activation function and normalizing the values
of the input parameters array of the transport system was used. The constructed network was
implemented using Visual Studio 2019 using the C++ language. The network was adjusted to
determine the energy efficiency estimate with a given accuracy by replacing the perceptron neuron
with a regular one with a sigmoidal activation function. The random nature of the choice of the
configuration and the initial values of the weighting factors made it possible to obtain a model with
an accuracy of implementation on the control sample in the range from 90 to 98.7 % at a learning
rate of 0.1.
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1. INTRODUCTION
The insufficient pace of development of urban transport networks and the corresponding
infrastructure, the growth of the population's motorization and the need for periodic replacement of the car
fleet lead to the setting of research tasks to ensure the necessary level of transport mobility and reduce its
negative impact on the urban environment. The solution of this type of problems requires a systematic
approach to study the properties of the specified objects and phenomena that form a whole complex
structure, as well as to establish new connections and regularities inside the system, analysis of previously



Evaluation of transport system configuration by efficiency indicators 53

unknown effects. The specific values of the characteristics of the functional elements of the transport
system determine its current configuration (mode). Thus, the given configuration reflects the properties of
the traffic flow moving in the given traffic environment under the given road conditions, and the properties
of a discrete object (vehicle) isolated from it. At the same time, the environment of the traffic flow takes
into account the type of the given settlement, motorization level, weather conditions and the daily time
interval. Modes of operation of the transport system within its morphological capabilities are determined
by the level of management, which depends on the quality of current and forecasted data on the state of the
system. The need to change the operating mode of the system is due to the unsatisfactory state of the
indicators that set the vectors of the possible direction of efficiency improvement. Monitoring of the current
operating modes of the transport system and the search for its new design solutions are inextricably linked
with the use of modern modeling methods and automation technologies. Graphical and mathematical description
of the system allows identifying the indicators of system state assessment and determine criteria for its
optimization.

Thus, the availability of adequate functional and mathematical models contributes to solving the
urgent tasks of reorganizing the existing transport system following the development strategies of cities
and regions, including the development of an information model and the implementation of an intelligent
system for managing transport processes.

2. ANALYSIS OF LATEST RESEARCH AND PUBLICATIONS

In the process of making decisions regarding the improvement of the transport system, an important
and necessary element is the measurement of indicators of the effective flow of transport processes within
the system. The environmental impact indicator can be decisive in making the final decision. Indicators can
have different weighting factors for a specific type of system. The methods of determining indicators and
evaluating their weighting factors are mostly based on expert evaluations with the involvement of specialists
from this area [1, 2]. However, these estimates are subjective and may not be adequate for transport
systems in another region or at another level of scaling. Therefore, the issue of developing a mechanism for
adjusting the specified coefficients in accordance with the actual values of the system parameters without
re-engaging experts remains open.

Taking into account the requirements for modern transport systems and global environmental
problems, it is advisable to use assessments of its environmental friendliness, energy efficiency of vehicles
in the system, traffic safety and others to determine the current values of system performance indicators.
The amount of emissions of harmful substances into the air correlates with fuel consumption. In addition,
separate methods of determining the energy efficiency of cars take into account the amount of work
performed, so the energy efficiency indicator of transport has a significant weight as part of the integral
efficiency indicator.

Methods of evaluating and improving the energy efficiency of vehicles are divided into two groups.
The first includes methods and technologies aimed at achieving the goal by improving the structural
properties of new cars [3—7]. Thus, the author [3] proposed a complex indicator of car energy efficiency,
which is used to justify and implement a complex of technical and technological innovations based on the
model of the modular structural and parametric organization of the design of a new car. This indicator
takes into account the speed, carrying capacity, curb weight and mileage of the car, road properties for the
test route when performing the reference operation. At the same time, the method of mathematical
modeling of the processes of energy transformation of technological resources of transport into a physical
product is used. But to determine the indicated indicator, it is necessary to additionally calculate coefficients
that take into account the specifics of a particular car. In addition, the model operates on the average values
of the speed during the execution of the test operation, while different distributions of the speed values in
different experimental samples may have the same measures of central statistics. In [4], the effect of aging
of materials during the life cycle of vehicles with different types of power plants on their energy efficiency
was investigated. The authors determine the generalized car energy efficiency indicator at the state level by
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calculating the sum of the products of the values of the energy efficiency indicators of individual types of
vehicles by the share of their annual sales. The paper [5] presents a model of energy consumption control
for use in an intelligent electric vehicle control system. The algorithm that implements this model is
designed for a specific model and needs modification for others. The authors [6, 7] proposed technologies
for increasing the energy efficiency of vehicles by reducing the weight of individual components and
systems of vehicles and optimizing the operation of air conditioning and ventilation systems using the
example of a demonstration model of a battery electric vehicle. However, it has been proven that this
optimization is appropriate only for electric vehicles with low rolling resistance.

The second group of methods includes methods of increasing the energy efficiency of vehicles by
correcting their operational characteristics. The authors offer a number of analytical models as a basis for
evaluating the energy efficiency and fuel consumption of transport. A significant part of such models takes
into account the instantaneous speed and acceleration of movement [8, 9]. Moreover, a different form of
the analytical dependencies themselves can be used. In studies [10, 11], the dependence of the fuel
efficiency indicator on the mileage of the car was obtained. In [10], car loading is not taken into account,
which is an important characteristic when evaluating the energy efficiency of urban passenger transport.
Research [9, 11] is devoted to the evaluation of the efficiency of large-class passenger buses, therefore they
contain limitations regarding the scope of application of the obtained models. In [12], a morphological
analysis of the city's transport system was carried out and four functional elements were identified: vehicle,
transport flow, road and traffic environment. In [12], an adequate linear model was built to evaluate the
influence of the characteristics of these elements on the energy efficiency of urban transport. The model
takes into account 10 essential system parameters corresponding to the characteristics of its functional elements.
Since these parameters have different ranges of values, it is not possible to accurately assess the importance of
the influence of a single parameter on the efficiency indicator based on the value of the coefficients of the linear
model. The author [13] defines the level of energy efficiency as the ratio of energy consumption of the reference
and researched vehicles. After performing equivalent transformations, the final model contains coefficients that
take into account the morphological characteristics of the elements of the transport system. The procedure for
determining the coefficients is subjective in nature, so it contains an error, the value of which depends on the
experience of experts and statistical information of a certain region.

Another indicator of the effective operation of the transport system should be the traffic safety
parameter, which belongs to the group of technical efficiency criteria [14]. This indicator is a function of
two parameters: the response time of safety systems and acceleration under the condition of sudden fuel
supply. Research [14] has a theoretical character. A comprehensive safety indicator can also take into
account other factors, including the assessment of the probability of a traffic accident depending on the age
group of passengers. The stages of carrying out the specified assessment are modeled in [15] on the basis
of the theory of decision trees.

The environmental safety indicator can take into account several criteria of environmental efficiency
[14] according to the principles given in [16]. The article [17] solves the problem of optimizing the city's
transport system according to the criterion of minimizing the harmful impact on the environment from the
use of passenger transport. The problem model takes into account the coefficients of duplication of routes
and restrictions on the passenger capacity of transport. However, only urban public transport for general
use is investigated. The authors [18] presented mathematical models for determining indicators that can be
used as indicators of environmental safety of the transport system. The first model defines the mass of
emissions of harmful substances by the transport flow as the sum of the specific emissions of individual
vehicles in the flow. The model takes into account the volume and mode of movement, category,
environmental standard, type of vehicle fuel, as well as the share of this type of vehicles in the flow. The
second model determines the concentration of a given pollutant in the air at a given distance.

According to the results of the analysis of the latest publications, it can be stated that today the
question of determining the indicators of the efficiency of the transport system and its individual functional
elements, taking into account the operational characteristics of vehicles and external influencing factors,



Evaluation of transport system configuration by efficiency indicators 55

remains relevant. Along with the traditional mathematical apparatus, computer neural networks are a powerful
tool for representing object models as part of intelligent transport systems [19-21].

3. FORMULATION OF THE AIM AND OBJECTIVES OF THE ARTICLE
The aim of this study is to develop a model and a mechanism for determining the system of
indicators for monitoring the efficiency of the city's transport system.

To achieve the goal, the following tasks must be completed:

— develop a model for determining the system of efficiency indicators using neural networks in
general;

— explore the city's transport system at a conceptual level and determine its parameters;

— determine energy efficiency indicators of system configurations;

— to build and implement a neural network for evaluating the energy efficiency of the transport
system based on the results of experimental studies.

4. PROBLEM SETUP AND RESEARCH METHODOLOGY

The process of managing the transport system and making a decision on its improvement primarily
depends on the current and predicted course of processes in the middle of the system. Measuring the effect
of implementing these processes allows evaluating their results and provides an opportunity to determine
the starting point for further optimization. The current configuration of the transport system to a certain
extent represents the reference plan of the corresponding optimization problem. The next step is to
determine the optimization vector (direction) according to a certain criterion. The criterion involves the the
evaluation of the values of the measured indicators of the system. This provides an opportunity to provide
sound conclusions regarding the evaluation of the effectiveness of the existing configuration and the need
to move to a new reference plan. Periodic improvement of transport system processes requires significant
financial, labor and other resources. In addition, the very process of implementation of optimization
programs may for some time cause obstacles and reduce the level of mobility of the population. Therefore, an
important aspect of the optimization of transport systems is the determination of the time of optimization works.
The moment and vector of the transition to a new system configuration is determined by the efficiency
indicator, the value of which turns out to be greater (less) than the threshold. For this purpose, it is
proposed to use models of the transport system in the form of an artificial neural network, in particular, a
perceptron. A perceptron with k outputs for monitoring the effectiveness of a given system configuration is
presented in Fig. 1. n values xij of the vector of essential parameters X are applied to the network inputs.
The index j corresponds to the number of the system parameter. Each element Y (Fig. 1) is designed to
perform the operation of the weighted sum of the values of the parameters of the i-th configuration of the
transport system, which are received at its input. At the outputs of these elements, an array Y of the outputs
of this network layer with dimension £, is formed, which is transmitted to the inputs of the elements F.
Within the specified associative logical elements of the perceptron, the values of £ elements of the vector
In of the indicators of the efficiency of the transport system are calculated:

Inig = f(y,,0,),1<i<n,1<s<k, €))
where In;; — the value of the s-th system efficiency indicator in the i-th configuration; 6, — threshold value
of the s-th indicator; f— activation function.

Thus, a subtask arises within evaluation task's performance, which consists of justifying the choice
of threshold levels. The weighting coefficients of the links of the elements of the perceptron at the initial
stage are unknown quantities. Therefore, the perceptron needs to adjust these coefficients (learning) for
further use. The learning algorithm is carried out according to the delta rule, which includes a parameter
that determines the learning speed.

Usually, the range of indicators is in the range [0, 1]. Therefore, if there is a need for more accurate
estimates of the configuration of the transport system, the blocks F of the network can be implemented on
the basis of the hyperbolic tangent activation function.
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Fig. 1. A generalized neural network model for determining the system
of efficiency indicators of the i-th configuration of the transport system

Indicators:
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The network (Fig. 1) can be expanded to determine the integral indicator of the efficiency of the
transport network /n; according to the given i-th configuration (Fig. 2). The outputs of the first model
(Fig. 1) are the system of indicators, and the output of the other (Fig. 2) is the scalar value of the indicator.
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Fig. 2. A two-layer neural network model for determining a complex indicator

of the efficiency of the i-th configuration of the transport system

In the block of the second layer of the perceptron (Fig. 2), the weighted sum of outputs from similar
blocks of the first layer is calculated. Therefore, it can be assumed that the weight coefficients vs determine
the importance of the specific values of the transport system efficiency indicators obtained at the output of
the first layer.
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In general, this neural network can have several internal layers. For the given task, you can use
networks with a more complex structure. A backpropagation neural network with layers of Kohonen and
Grossberg neurons is suitable. However, the perceptron is simple to implement. Unlike mathematical
models, a neural network can have several initial parameters, so it is convenient to use in the process of
evaluating several indicators.

5. RESEARCH RESULTS

To build a model of the system for monitoring the efficiency of the transport system, a survey of 25
existing configurations of transport systems in 9 settlements of Poland and Ukraine, belonging to different
groups in terms of population size and density, was conducted. In the experimental part of the study, 16
vehicles were used to ensure the completeness of the scope of determining their parameters. Vehicles of
different categories and age groups, with different types of power plants and level of controls were
presented. In the research process, three main indicators of the system were selected: the energy efficiency
indicator In,., the environmental safety indicator /n., and the traffic safety indicator In,,, which form an
integrated efficiency indicator as a weighted sum of system performance assessments. The /n, . indicator
corresponds to the LEE energy efficiency indicator of transport in the system. The LEE indicator is
determined for the studied configurations according to the method described in [13] and is universal for
different categories of transport. Basic (independent) parameters were selected from the space of
parameters affecting LEE. Their structure and methods of determination are proposed by the authors in
[12]. The array of input parameters contains both quantitative and qualitative values, which are previously
reduced to quantitative analogs according to the scales described in [12]. Transport energy efficiency was
assessed within the TrEECs transport energy efficiency control subsystem. To check the possibility of
using the perceptron in solving problems of monitoring the given state of the transport system, a test
network was built to determine the energy efficiency indicator based on the obtained experimental data.
The mechanism of determining the energy efficiency indicator /n.. can be explained on the structure of the
perceptron neuron shown in Fig. 3. To calculate the values of parameters x; — “Road resistance degree” and
x; — “Carriageway curvature degree” nani, data obtained using Google Earth Pro 7.3.4. The components of the
parameter x;o — “Complexity of weather conditions” are determined according to the data of the Gismeteo
Internet service.

The values of the weighted basic parameters enter the input of the perceptron neuron. The output of
this block is used by the activation function to determine an indicator that can have two results: the
investigated configuration is energy efficient or inefficient. For training the network, the type of training was
used — with a teacher. For this, an experimental sample of monitoring results was formed. When using the
method of correction coefficients [12] to determine the LEE, its definition range is within the range of 0.5 to 1.
Therefore, it is advisable to take the threshold value of the activation function at 0.75. At the same time, the
method of accelerating learning by adjusting the threshold value according to Formula (2) was used:

AO=-n-(LEE; - y),1<i<n, ()
where A — increase in the threshold value; LEE; — statistical value of the level of energy efficiency within
the ith configuration of the transport system; y — perceptron neuron output; » — number of configurations.

The experimental sample was divided into educational and control samples in a ratio of 20:5,
respectively.

The perceptron was implemented in the Visual Studio 2019 application development environment
using the C++ programming language. The elements of the vector of basic parameters of each
configuration from the training sample are fed to 10 network inputs in random order. The values of each
input parameter were previously normalized by dividing it by the length of the input vector:

xf=xj/\/x12+x§+...+x,f, 3)

where x; — initial value of the parameter obtained as a result of the experiment; x;' — normalized value of the

parameter.
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TrEECs parameters:
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Fig. 3. Structure of the model for determining the transport energy efficiency indicator

The normalized values of the input parameters obtained by expression (3) and the experimental
values of the LEE energy efficiency level, which is used in the network training process, are shown in
Table 1. The results of the network training on the control sample fully confirmed its performance.
Learning speed #=0.1.

In addition, a neural network training algorithm was developed to determine more accurate estimates
of energy efficiency, in which the activation function was replaced from a threshold to a sigmoidal one.
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The value space of the specified function is in the range from 0.5 to 1, as well as the values of the LEE
energy efficiency level:

F=f()=1/1+e™), )
where y — is the output of the corresponding element > of the neural network.
Table 1
The value of the parameters of the neural network, which were used in the process of its training
‘ Normalized values of transport system configuration parameters
T e [ a e a ] el a [ a ] = [ ™
1| 0.2053 | 0.2053 | 0.6158 | 0.1540 | 0.0062 | 0.0185 | 0.4106 | 0.4106 | 0.4106 | 0.0821 0
2| 0.1454 | 0.4363 | 0.7271 | 0.0713 | 0.0044 | 0.0099 | 0.2908 | 0.2908 | 0.2908 | 0.0291 0
3| 0.7257 | 0.2903 | 0.2903 | 0.0929 | 0.0348 | 0.0033 | 0.1451 | 0.2903 | 0.4354 | 0.0000 | O
4 | 0.4545 | 0.3030 | 0.6059 | 0.1091 | 0.0364 | 0.0035 | 0.1515 | 0.3030 | 0.4545 | 0.0000 1
51 0.1584 | 0.1584 | 0.6337 | 0.0903 | 0.0824 | 0.0036 | 0.1584 | 0.3168 | 0.6337 | 0.0792 0
6 | 03730 | 0.4974 | 0.2487 | 0.0995 | 0.0050 | 0.0019 | 0.1243 | 0.3730 | 0.6217 | 0.0249 0
7 | 0.1279 | 0.3837 | 0.6395 | 0.0384 | 0.0077 | 0.0022 | 0.1279 | 0.3837 | 0.5116 | 0.0256 0
81 0.2648 | 0.2648 | 0.2648 | 0.0953 | 0.0927 | 0.0172 | 0.2648 | 0.2648 | 0.7943 | 0.0265 1
9 | 0.2208 | 0.2208 | 0.6625 | 0.0287 | 0.0000 | 0.0044 | 0.4416 | 0.4416 | 0.2208 | 0.1546 0
10| 0.3398 | 0.3398 | 0.5097 | 0.1308 | 0.0102 | 0.0034 | 0.3398 | 0.3398 | 0.5097 | 0.0340 1
11| 0.7131 | 0.2377 | 0.3565 | 0.0844 | 0.0261 | 0.0027 | 0.1188 | 0.2377 | 0.4754 | 0.0594 | 0
12| 0.5017 | 0.2508 | 0.5017 | 0.0865 | 0.0389 | 0.0023 | 0.1254 | 0.1254 | 0.6271 | 0.0000 | O
13| 0.5549 | 0.2774 | 0.2774 | 0.1193 | 0.0347 | 0.0042 | 0.1387 | 0.1387 | 0.6936 | 0.0555 0
14| 0.4500 | 0.3000 | 0.7500 | 0.0750 | 0.0255 | 0.0045 | 0.1500 | 0.1500 | 0.3000 | 0.0600 1
15| 0.6624 | 0.2649 | 0.5299 | 0.1206 | 0.0437 | 0.0102 | 0.1325 | 0.1325 | 0.3974 | 0.0265 0
16| 0.1559 | 0.4678 | 0.7796 | 0.0312 | 0.0327 | 0.0120 | 0.1559 | 0.1559 | 0.3119 | 0.0312 1
17| 0.1288 | 0.2576 | 0.6441 | 0.0193 | 0.0631 | 0.0063 | 0.1288 | 0.2576 | 0.6441 | 0.0000 | O
18| 0.2224 | 0.2224 | 0.6671 | 0.0934 | 0.0467 | 0.0109 | 0.2224 | 0.4447 | 0.4447 | 0.0000 1
19| 0.5338 | 0.4004 | 0.6673 | 0.0494 | 0.0051 | 0.0065 | 0.1335 | 0.2669 | 0.1335 | 0.0133 1
20| 0.5606 | 0.2803 | 0.5606 | 0.1023 | 0.0813 | 0.0035 | 0.1402 | 0.2803 | 0.4205 | 0.0280 1
21| 0.4509 | 0.3006 | 0.4509 | 0.1233 | 0.1142 | 0.0038 | 0.1503 | 0.3006 | 0.6012 | 0.0150 1
22| 0.1739 | 0.1739 | 0.5216 | 0.0469 | 0.0017 | 0.0050 | 0.5216 | 0.3478 | 0.5216 | 0.0000 | O
23| 0.1619 | 0.1619 | 0.1619 | 0.0502 | 0.0024 | 0.0060 | 0.1619 | 0.4858 | 0.8096 | 0.0324 | 0
24| 0.5837 | 0.2918 | 0.2918 | 0.0948 | 0.0277 | 0.0190 | 0.4378 | 0.2918 | 0.4378 | 0.1021 0
25| 03109 | 0.3109 | 0.3109 | 0.0824 | 0.0078 | 0.0124 | 0.4664 | 0.3109 | 0.6218 | 0.0466 0

Training and testing were performed at different preset values of learning rate  and accuracy €. The
modeling error was calculated as the relative root mean square error:

§r =i . chonstl (LEE; _[ne,e)z
10 “i=l LEE?
where LEE; — experimental value of the level of energy efficiency of transport within the configuration;
In..— model value of the energy efficiency indicator of the given configuration of the transport system;
Heontrot — the number of configurations included in the control sample.
The algorithm of the software module is implemented for the following values of learning speed:
n =1{0.05, 0.01, 0.1, 0.2, 0.4, 0.8}.

The highest modeling accuracy is achieved by the speed value # = 0.1. The random nature of the
selection of weight coefficients of the neural network does not allow obtaining a fixed value of the
modeling error. The value of the relative root mean square error of the efficiency indicator on the control
sample is in the range from 1.3 to 10 %, according to the chosen speed and the limit level of accuracy on

)
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the training sample. The smallest simulation error on the training sample is 0.4 %. Adding an additional
parameter with a single value to the input of each neuron did not significantly improve the learning speed
or the accuracy of the obtained results.

6. CONCLUSIONS AND RESEARCH PERSPECTIVES

The paper proposes an approach for evaluating multiple configurations of the transport system based
on indicators of its effectiveness. It is convenient to present this concept in the form of generalized models
of neural networks, the inputs of which are the parameters of the transport system within the given
configuration, and the outputs are a single integral indicator or a group of efficiency indicators. For this
formulation of the problem, the use of perceptron neurons in the network structure turned out to be
sufficient. The advantage of their use is the simplicity of implementing algorithms. At the conceptual
modeling level, three key indicators were identified: energy efficiency, environmental friendliness and
traffic safety. The proposed structure of a neural network containing 10 inputs. At the output of the system,
the value of the indicator is obtained, which shows the level of energy efficiency of the transport system.
For a more accurate assessment of the system's efficiency, a neural network with a sigmoidal activation
function was implemented, which matched the areas of determination of the outputs of computer neurons
and experimentally obtained data. The accuracy of training and testing was improved by normalizing the
input parameters values and randomizing the selection of the initial values of the network weights.
Adjusting the pair “earning speed — model accuracy” made it possible to obtain adequate models. The results of
testing the model on a control sample showed that increasing the learning speed decreases its accuracy. The
modeling error was 10 % when training the neural network for 1211 iterations, 2 % for 42736 iterations, and
1.3 % for 258286 iterations.

The results of this study should be used in systems for monitoring the efficiency of urban transport
systems. This approach makes it possible to assess the necessity and time of implementation of
optimization programs in the direction given by the vector of the most important indicators.

Further research will be aimed at justifying the use of other structures of neural networks in the field
of evaluating the results of the functioning of transport systems. Special attention will be focused on
computer neural networks, the organization of which is based on the use of fuzzy logic.
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OIITHIOBAHHSI KOH®IT'YPAIII TPAHCIIOPTHOI CUCTEMH
3A IHIMKATOPAMU EOEKTUBHOCTI

Anomauia. Poboma npucesuena npoyecy OYIHIOBAHHS epeKmugHOCmi MpaHCnOPmMHOL
cucmemu 6 ymogax micokoi mobineHocmi. I1ioxio b6aszyemvcs HA SUKOPUCTIAHHI cucmeMmu THOUKA-
Mopié eexmugHoCmi i3 3aCMOCYBAHHAM HEUPOKOMN TOMePHUX MexXHON0zil. 3anponoHoeano ysa-
2anbHEeHI MOOei O OMPUMAHHSL 6eKINOPY THOUKAMOPI6 eqheKmueHoCmi ma iHmeepanbHo20 iHOUKaA-
mopy e@exmugHocmi y 8ueasidi KOMn 1omepHux HelpoHHux mepedic. Iloxazano, wo 0ns ¢hixcayii
Gaxmy nadinusa 3HaueHb HOUKAMOPIE 00 NOPO208020 MA HUdMNCHe OOCMAMHbO 3ACTHOCO8YEAMU
HeUpOHHY Mmepexcy, noby0osany Ha nepyenmpoHnux Heluponax. bacamowaposa moodenv 0ns susHa-
YeHHs IHMe2PanlbHO20 IHOUKAmopa 00360JI5€ OYIHUMU BANCTIUBICIb OKPEMO B3AMUX THOUKAMOPIE Y
CKAAOl cucmemu MOHIMOPUH2Y edexmueHoCcmi 3a0anoi KOH@icypayii mpaHcnopmHoi cucmemu.
Ilposedeno excnepumenmanvie OOCIIONCEHHsT 08AOYAMU N SMU CMAHIE MPAHCNOPMHOT cucmemu
pisnux Kougieypayii ¢ micmax Ioavwi ma Ykpainu. Bushaueno xmowosi inouxamopu eghexmue-
HOCmI cucmemu, a came, THOUKAMOP eHepeoepeKmugHOCmi MpaHCnopmuo20 3aco0y K eneMenmy
cucmemu, iHOUKAMOP eKOA0STYHOCMI ma iHOuKamop be3nexu pyxy. Buxoosuu 3 pezynsmamis excne-
PUMEHMANTbHO20 OO0CHIONCEHHA 3aNPONOHOBAHO CMPYKMYPY HEUPOHHOI mepedici 0N OYiHI08AHHS
enepeoepexmuenocmi 3a0anux KOH@Iizypayiil mpancnopmuoi cucmemu. 3 Memoio HaguauHs ma
MEeCTNYBAHHSL OMPUMAHOT Mepedrci OVI0 GUKOPUCMAHO NPoyedypy KOPUZY8aAHHS NOPO208020 3HA-
yeHHsl (OYHKYIT akmueayii ma HOPpMANI3ayilo 3HAYEHb MACUBY GXIOHUX NApAMempie MpancnopmHoL
cucmemu. Peanizayito nobyoosanoi mepesici 30iticheno i3 euxopucmanusam Visual Studio 2019 i3
sacmocygannsim mogu C++. BUKOHAHO HANAUMYBAHHS MePedCT HA 6U3HAYEHHS OYIHKU eHepaoegeK-
MUBHOCMI 3 3A0AHOI0 MOYHICMIO WISIXOM 3AMIHU NEPYENMPOHHO2O HEUPOHY HA 36UYAUHULL 3
cuemoioanvhoio Qyuxyicio akmueayii. Bunaokosuil xapakmep eubopy Kongicypayii ma nouamxosux
3HAUEHb 8A208UX KOeDIYIEHMIE 00360118 OMPUMAMU MOOEb 3 MOYHICIIO peanizayii Ha KOHMPOb-
Hiu 6ubipyi 6 dianaszoni 6id 90 0o 98.7 % npu weuoxocmi nasuanns 0.1.

Knwuoei cnosa: mpancnopmua cucmema, iHOUKamopu eqpexmugHoCcmi, Mooeb, pieeHb eHep-
2oehexmugrnocmi, nepyenmpoH.



