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Abstract

Introduction. The scientific literature discusses the potential of artificial intelligence (Al) for ensuring industrial safety.
Risk control methods are considered and recommendations for incident prevention are given. The relationship between
the competencies of lifting crane operators and the probability of accidents has been studied. Examples of using neural
networks for determining the reliability of removable lifting devices are presented. Remote monitoring of operational
safety is described. However, the use of Al to manage risks in a car repair station has not been sufficiently studied. This
research aims to address this gap. The aim of this work is to demonstrate the potential of neural networks in creating a
safety monitoring system for an automobile repair facility.

Materials and Methods. The design materials of the service station at the equipment repair and maintenance center
served as basic information. This enterprise was created by specialists of the Department of Operation of Transport
Systems and Logistics at the Don State Technical University (DSTU). Risks were -classified according to
GOST ISO 12 100! and GOST R 58 7712 Neural networks were trained using open-source libraries for the Python
programming language. The digital monitoring system model with visualization was implemented using the AnyLogic
simulation system.

Results. The authors of this work trained 20 neural networks and selected five with the lowest error function values
(from 74% to 78%). Out of five networks that worked most correctly, one was chosen that predicted the output
parameter more accurately — 74%. The neural network with the best performance was a multilayer perceptron with 30
neurons in the input layer, 15 in the hidden layer, and 3 in the output layer. It was used to create a digital twin that
warned in real time about potentially dangerous events: the movement of a car, a crane, and the opening of an
inspection pit. Additionally, it identified workers without personal protective equipment or access to the work area.
Discussion and Conclusion. The use of a digital safety monitoring system model will make it possible to identify high-
risk work areas in advance, and reduce accidents and industrial injuries. The introduction of this model in auto repair
facilities involves the installation of sensors and warning systems. In the future, we plan to explore the possibility of
integrating algorithms with the risk monitoring system to help personnel repair specific types of machines.
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AHHOTALMSA

Beedenue. B Hay4yHOI JMTEpaType ONHMCHIBAIOTCS BO3MOXHOCTH MCKyccTBeHHOTO MHTewiekTa (V) s obecniedenus
TIPOM3BOACTBEHHOHN Oe3omacHocTH. PaccMarprBaloTess METObI KOHTPOJIS PUCKOB, JAIOTCS PEKOMEHJIAINH T10 MPEeoT-
BpAaIICHUIO UHIUICHTOB. V3yueHa cBs3b MEX/y KOMIIETCHIIMSIMH MaIIMHUCTOB IPY30II0JbEMHBIX KPAaHOB M BEPOSITHO-
CTBIO aBapuil. EcTh mpuMepsl UCTIONB30BaHKsI HEWpOCETEeH ISl ONpeNelieHNs] HaJe)KHOCTH ChEMHBIX I'Py303aXBaTHBIX
npucnocodaenuidi. Onucan TUCTaHIMOHHBI MOHUTOPHHT SKCILTyaTallMOHHOW Oe3onacHocTH. [Ipn aTOM HepocTaTouHO
npopaboTanbl Bonpockl npuMeHenust U nist koHTposisi puckoB B aBrocepBuce. [IpeacTaBieHHOe Uccae0BaHUE TIPH-
3BAHO 3aKPBITh JaHHBIN npoden. Ileap paboThl — MOKa3aTh BO3MOKHOCTH HCIIOJIb30BaHMs HepoceTer ajst HopMHUpO-
BaHHA CUCTEMbI MOHUTOPUHI'A 6C3OHaCHOCTI/I Ha aBTOPEMOHTHOM IMPCATIPUATUHA.

Mamepuanst u memoowi. B xauectBe 6a30B0i HH()OPMALIMK HCTIOIB30BATIH ITPOSKTHBIE MAaTEPHalIbl CTAHIINN TEXHUYE-
cKoro obciyskuBaHust npu LIeHTpe Mo PeMOHTY U OOCITYKMBAaHUIO TEXHUKH. DTO TMPENIPHUITHE CO3JAH CIIEIHATNCTHI
Kaenpsl « IKCIUTyaTaust TPAHCIIOPTHHIX cucTeM U soructrka» (3TCuJl) JloHCKOro rocyaapcTBEHHOTO TEXHHIECKOTO
yausepeutera (AI'TY). Pucku knaccupummposanu no [OCT ISO 12 100 u I'OCT P 58 771. Heliponnsie cetn o0y4a-
JIM TI0 OTKPBITHIM OnOmmotekam s si3bika «ITuror» (Python). Mozaens cuctems! M)pOBOro MOHHTOPHHTA C BU3YallH-
3anuel peay30BaIM B CHCTEME HMUTAIIMOHHOTO MOJIEINPOBaHUS « DHHM JIOHKUK» (AnyLogic).

Pesynomamul uccnedoeanun. ABTOpPBI TpeNCTaBIEHHOM padoThl oOyumnu 20 HeidpoceTell W OTMETHIM WSTH C
HaMMEHBIIMMH 3HaueHusIMH QYHKIMHA omubok (ot 74 % no 78 %). U3 nsatu HambOoiee KOPPEKTHO CpabOTaBIIMX
HelpoceTeil BRIOpaM Ty, KOTOpas TOYHEE MpejcKas3aia BRIXOAHOH mapamerp — 74 %. Hawnyudinas HefipoHHAs CETh,
OTIpEJIENAOIIAsl YPOBEHb PUCKA JJIs1 30HBI Ky30BHOTO PEMOHTA, — 3TO MHOTOCJIOWHBIN nepcenTpoH ¢ 30 HeiipoHamMu BO
BXOJIHOM clioe, 15 HelipoHaMu B CKPBITOM CIIO€ M 3 HeHpoHaMH B BRIXOJIHOM ciioe. Ee 3aneiicTBoBamu JJisl CO3AaHUS
1 (pOBOro ABOWHHKA, KOTOPHIA B PeXKUME PeabHOI'0 BPEMEHH IpeaylpexIaeT O IOTEHIUATEHO OAacHbIX COOBITHAX!
IBIDKCHUN aBTOMOOWIIS, KpaHa, OTKPBITMM OCMOTPOBOHM KaHaBbl. Kpome TOro, OOHapy>KMBaroTcs pabOTHHKH Oe3
CPE/CTB MHANBH/yalbHOHN 3alUTHI U 1A 6€3 J0IMycKa B 30HY padoT.

Obcyscoenue u 3axntouenue. [lpuveneHrne MoaeIH HQPPOBOH CHCTEMBI MOHUTOPHHTA 0€30TIaCHOCTH MO3BOJINT 3apa-
Hee OOHapy’KUBATh 30HBI C TIOBBIIICHHBIM PHCKOM IPOBEACHHS paboT, COKpAIlaTh aBApMHHOCTD M IPOU3BOICTBEHHBIN
TpaBMaTu3M. BHenpeHue 3Tolf Mozesnu B IIEHTPaxX MO PEMOHTY aBTOTPAHCIIOPTHBIX CPEICTB MPEIIONIAraeT YCTaHOBKY
JATYMKOB M CHCTEM OIIOBEIICHHS. B MepcrekTuBe mIaHupyeTCst HCCIIe0BAaTh BO3MOXKHOCTh JOTIONHEHUS! CHCTEMBI MO-
HUTOPHUHTA PHCKA aJITOPUTMAaMH, KOTOPBIE IIOMOTYT ITEPCOHAY B PEMOHTE KOHKPETHBIX BUIOB MAIlIMH.

KiarodeBbie cjioBa: 0e30MacHOCTh aBTOPEMOHTHOTO TMPEIIPUATHS, HHCTPYMEHT OIIEHKH PUCKA, OE30MaCHOCTh 30HBI
Ky30BHOI'O PEMOHTA, ITU(PPOBOI TBOMHUK I OLICHKH 0€30MacHOCTH

BaarogapHocTH. ABTOpPBl BBIPAKAIOT IPU3HATEIBHOCTH KOJUIETaM 3a IIOMOIIb IPHU TOATOTOBKE MaTepHajloB
uccienoBanus: Koporkomy AHatonumio ApkanseBuuy — 3aBeAyromeMmy kadeapoir «I3TCull» JAI'TY, mokropy
TEXHHUYECKHX HayK, npogeccopy, n XsaHy Pomany BnamummpoBmuy — nonenty kadenpsr «9TCull» AT'TY,
KaHIUIATy TEXHHYECKUX HayK.

Jnst muraposanns. Erensckuii B.B., Hukonaes H.H., Erensckas E.B., ITangumosa 3.A. Cucrema 1iuh)pOBOro MOHHTOPHHTA
0€30IMaCHOCTH UI aBTOPEMOHTHOTO MPEANPHATUS. Bezonachocmv mexHoeenHbix u npupoonvix cucmem. 2025;9(1):55-64.
https://doi.org/10.23947/2541-9129-2025-9-1-55-64

Introduction. In the near future, machine learning methods will be increasingly used to ensure safety and assess
production risks at transport repair facilities. This trend is supported by the rapid development of artificial intelligence
and the transport sector. As a result, theoretical and practical research on this subject is becoming increasingly
important.
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New, more complex machines and equipment are being introduced. Car service companies are increasingly utilizing
information and communication technologies. Production algorithms and work processes are changing. These
developments can lead to harmful effects on people and equipment, and many of these potentially dangerous situations
are difficult to predict. In this case, an integrated approach involves following the rules listed below.

1. It is important to monitor staff behavior and to ensure the compliance with safety requirements. It is necessary to
focus on issues such as work performance and the use of personal protective equipment (PPE).

2. Regular updates on the characteristics and conditions of complex technological equipment are necessary.

3. Employees should be aware of the fire extinguishing equipment available at the workplace and know how to use them.

4. All employees should familiarize themselves with the evacuation procedures and first aid measures.

Let us note that the quality of such a complex, multifactorial system cannot be determined by the quality of its
components. General safety in this case will be a higher-order concept, and artificial intelligence has the best tools to
ensure it. Given the obvious inconsistency of the elements discussed above, we should note the importance of self-
learning neural networks, which should be used to solve the problems of the presented scientific work.

The production process is exposed to external risks and also generates some of its own. While it is impossible to
completely eliminate all potential dangers, there are known methods to reduce and limit them. One such method is the
use of protective and monitoring devices, known as collective protective equipment®. The aim of such solutions is to
reduce the likelihood of harm or its severity.

In [1], the issues of applying various methods of industrial risk control are discussed in detail, and recommendations
are given for the formation and support of a safety system. Paper [2] provides examples of the use of neural networks to
ensure the reliability control of lifting accessories. There are studies on the influence of the lifting crane operators’
competencies on the likelihood of emergencies [3].

Patent work is underway in the same direction. For example, patent RU 2 682 020 C1 describes a method for remote
safety monitoring during the operation of an object [4]. The solution is based on digital information technology systems.
The location of safety control objects is recorded by geo-points, and the data about their parameters is transmitted to the
neural network system. Video cameras are used for remote monitoring. The complex combines a server and a mobile
software. Patent RU 2 534 371 C1 establishes a method for remote monitoring of hazardous production facilities. To
achieve this goal, they will utilize:

— an information technology system;

— means of radio frequency identification;

— a set of devices for implementing the method.

It is proposed to equip safety control facilities with radio frequency identification (RFID). These devices are
designed to transmit and receive data through remote devices, which are called readers in the patent. This is how safety
parameters of the monitored facilities are fixed and their remote adjustment is ensured. At the same time, an unlimited
number of authorized users get Internet access to the database.

Using the example of healthcare, the authors [5] explore the potential of using blockchain and the Internet of Things
to create integrated monitoring systems.

In [6], it is proposed to install hazard monitoring sensors at the facility. For this purpose, three situations are
modeled:

— it is possible to unlock barriers and open access to the facility;

— it is impossible to unlock barriers and open access to the facility;

— it is necessary to stop the operation of industrial equipment.

In the latter case, the shutdown will occur when the light and sound warning signals are triggered.

Machine learning methods were considered for monitoring the safety of bridges and roads. The author [7] focuses
on the detection of damage. In this case, a neural network uses an array of data collected on an object without flaws to
train it. This information is compared:

— with new data on intact and damaged objects;

— with forecasts from the vicinity of the output signal of the neural network.

Special attention should be paid to the work of Colombian scientists devoted to the use of neural networks to
improve the safety of movement of visually impaired people [8]. The authors created artificial neural networks from a
cooperative coevolutionary genetic algorithm. It is responsible for structuring, modifying, and training neural networks.
The developed program has formed several neural networks. After the training, they chose those that better prevented
collisions, that is, they would be useful to visually impaired people.

3 The Labor Code of the Russian Federation. As amended on December 26, 2024. Part1. Chapter 1. Article4. (In Russ.) URL:
https://www.consultant.ru/document/cons_doc_ LAW_34683/ (accessed: 29.12.2024).
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An analysis of scientific papers on safety in various fields has revealed common trends:

— verification of existing risks in the system, as well as methods for their reduction, is based on ISO 12100 and
ISO 14121;

— machine learning of neural networks is actively used;

— sensors, systems for accumulating and processing information about the state of control objects are widely used;

— sensors and tags should be used to equip both equipment and personnel.

However, we should note that the issues of using artificial intelligence to control and reduce production risks in the
field of automotive services are not well-developed. The presented scientific research aims to address this gap. The aim
of the work is to demonstrate the potential of using neural networks to form a safety monitoring system at car repair
enterprises.

Materials and Methods. The source materials for our scientific research were open data on incidents at the service
station. We considered:

— accidents and injuries to personnel;

— the causes for such events.

The research involved the development and training of neural networks to assess the level of production risk at car
service stations. This research could become the basis for a future unified safety monitoring system based on digital
technologies. Figure | shows a schematic representation of this system. The neural network was represented as a
separate tool for risk assessment.

— Cloud server

5
i
:
2
= :
: Controlling Analysis
@ — influence and control

Fig. 1. The operation scheme of safety monitoring system of a car service company

The cloud server automatically collected information from sensors about telemetry, personnel, personal protective
equipment (PPE) usage, and equipment. A neural network then analyzed this information to identify potential risks and
provided guidance for control measures.

Thus, a particular task of the presented scientific work was the formation of an artificial neural network. To create it,
we needed to select the tools, as well as the input and output parameters.

The authors reviewed ready-made platforms from various companies, including, TensorFlow, PyTorch, Keras, Ex-G
Boost, and Statistica.

The first four platforms required writing software code, and when working with “Statistics” this was not necessary.
All the necessary functionality was provided in the graphical interface. In addition, Statistica had extensive data
processing and presentation tools.

To create a neural network, we used input data on car repairs at a service station. This facility was a division of the
Equipment Repair and Maintenance Center, which was created by specialists from the Department of Operation of
Transport Systems and Logistics at the Don State Technical University.

Let us consider the creation of a neural network for risk assessment in a body repair area. We should name the safety
indicators that were constantly changing [9].

1. The remaining lifetime (or service life) of technological equipment. We assign the code A to the indicator.

2. The remaining lifetime (or service life) until scheduled maintenance or inspection. We assign the code B to the
indicator.

3. The time remaining until the planned advanced training of specialists allowed performing the work. We assign the
code D to the indicator.

4. The time remaining until the next verification of fire extinguishing equipment (mainly fire extinguishers). We
assign the code E to the indicator.

Let us list the indicators that were determined by only two conditions: safe and dangerous.

1. Completeness of the issue and the correct use of workwear and PPE (issued or not issued, correctly or
incorrectly). We assign the code G to the indicator.

2. Execution of work by authorized specialists (yes or no). We assign the code H to the indicator.
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3. Illumination of the work area (meets or does not meet the standards). We assign the code I to the indicator.

4. Air temperature in the work area (meets or does not meet the standards). We assign the code J to the indicator.

5. Content of controlled harmful substances in the work area (meets or does not meet the standards). We assign the
code K to the indicator.

If necessary, the set of indicators can be expanded.

A special class of variables should also be distinguished — linguistic qualitative indicators, that is, verbal
descriptions of equipment parameters. For example, the technical condition of the equipment can be “very good”,
“good”, “satisfactory”, “poor”, and “very poor”. Such information was obtained by interviewing the personnel who
worked with the equipment. We assign the code C to this indicator. Linguistic estimates can be represented numerically
using the Harrington desirability function [10].

Thus, the letter designations for safety indicators codes are shown above. They are needed for convenience in entering
information into the neural network. Table 1 shows some indicators related to the equipment in the body repair area.

Table 1
Some Safety Indicators of Technological Equipment in the Body Repair Area
Indicator code
. Remaining lifetime (or service life) .
No. Equipment Technical
qauip before scheduled after scheduled maintenance or e %11.ca
. . . . . condition
maintenance or inspection inspection
Electric manual scissors
1 Al B1 1
1Z-5403 ¢
) Installation of g.as welding A2 B o
and cutting
Spot welding machine
3 MT-601 A3 B3 C3
4 Combined elec'tric welding Ad B4 ca
machine

The creation and training of neural networks requires large data samples, so the quantitative and qualitative input
parameters for the body repair area have resulted in a unified view using the Harrington desirability function. This
allowed us to determine a generalized risk assessment indicator [10].

In order to classify the output parameter of a neural network, we used the graph presented in ISO 14121 (Fig. 2).

Severity of harm Frequency of the hazardous Probability Possibility L
. X o . Risk index
to health phenomenon ofa dangelous event of harm prevention
O1 — Very low, O2 — Low Al Possible, A2 — Impossible @
S1— F1 — Rarely
Slight harm F2 — Often . . .
03 — High Al — Possible, A2 — Impossible
©)
a O1 — Very low Al — Possible
S2 — X .
F1 — Rarely 02 — Low A2 — Impossible
Severe harm @
03 — High Al — Possible
O1 — Very low A2 — Impossible :
F2 — Often 02 — Low Al — Possible
03 — High A2 — Impossible :
Al — Possible
A2 — Impossible @

Fig. 2. Risk assessment graph according to ISO 14121 [10]
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Letter designations were taken from the standard. They were not related to the codes in Table 1. It should also be
noted that this graph was only a methodological guideline for assessing the level of risk, it did not allow taking into
account all the variety of influencing factors. This was exactly what a neural network was trained for.

To assess each dangerous situation, the following conditions were taken into account at the output of the graph:

— risk index equal to 1 or 2 corresponded to the lowest priority of actions (priority 3);

— risk index 3 or 4 corresponded to the average priority of actions (priority 2);

—risk index 5 or 6 corresponded to the highest priority of actions (priority 1).

Thus, it was possible to identify risks that corresponded to the green (lowest), yellow (medium) and red (high)
danger levels. In other words, the output parameter of the neural network was a generalized risk assessment indicator
defined as green, yellow or red.

To train neural networks in Excel spreadsheets, we generated input parameters for 1,000 variants of body repair area
indicators. With fewer options, neural networks could not qualitatively detect all patterns and relationships. Based on
the calculated value of the generalized risk assessment desirability function [11], the risk level was determined for each
data variant on a three-color scale. Figure 3 provides a fragment of the neural network training data. This was a part of
the codes not included in Table 1.

1 Af AT A8 4 BAFETY
2 0.44 0.74 0.1% GREEN
3 0.97 0.22 0.6 YELLOW
4 0.79 0.73 0.17 GEEEN
5 0.57 0.01 0.06 YELLOW
6 0.68 0.69 0.23 GEEEN
7 0.67 0.61 0.08 RED
972 | 0.18 0.26 0.44 YELLOW
973 0.34 0.64 0.12 YELLOW
974 (.26 0.32 0.82 GREEN
975 0.01 0.20 0.24 RED
976 | (.60 0.65 0.14 YELLOW
977 (.86 0.56 0.79 RED
978 022 0.02 0.27 RED

979 0.34 0.50 0.11 YELLOW
Fig. 3. A fragment of data for neural network training

The source information was imported into a data table created in the Statistica workbook.

The “Neural networks” module of the Statistica environment solved problems of five types:

— regression;

— classification;

— time series (regression);

— time series (classification);

— cluster analysis.

In the developed neural network model, the output parameter was the risk level (green, yellow, red), so this problem
was solved as a classification problem.

Next, one needed to select the type of artificial neural network. Within the framework of this work, we considered:

— multilayered perceptron, MLP;

— radial basis function.

The system offered, and the authors used:

— the number of neurons of the hidden layer;

— the number of trained and returned networks;

— activation functions of the hidden and output layers of the network.

Results. The system split the input data into training, test, and validation samples. Their ratio was left at the default.
The sum of squared deviations and cross-entropy were chosen as error functions, which Statistica used to evaluate the
quality of neural network training.

As a result, 20 neural networks were trained and five neural networks with the lowest error functions were
selected (Fig. 4). The system automatically chose the type of error function for each neural network. In the used version
of Statistica, the window with trained neural networks did not move vertically, so only three of the five networks were
shown in Figure 4. Here, the error function values ranged from 76.7% to 78%. Neural networks 1 and 2, hidden in
Figure 4, had error function values of 77.2% and 74%, respectively.
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Active newral networks

Net. ID  Met name Training perl. Testperf.  Validation perif.  Algorthm  Ewor funct ™

3 MLP 30193 81,142857 79333333 78,000000 BFGS 21 !
4 MLP 30-7-:3 83142857 79333333 76.E6REET BFGS 43 ‘SDS |
5 MLP 30-21-3  81.428571 78,000000 77333333 BFG553 CE |
v
: —
gy Select\Deselect active networks Delete networks
Build madels with CNN Build models with ANS Build models with Subsampling

Predictions Eﬁlephs] Detailsl Liflu:harls| Custom pwdiclions|

Predictions spreadsheet Summary
iicions o Include (B Save networksv
(®) Standalones Oinputs

Cancel
(O Ensemble Targets es
(O Standalones and ensemble Output [C]Corfidence | E Options  +
ClAccuracy [ Variables Samples
m Predictions Standard res Train
O Test
[ Walidation
Missing

Fig. 4. The learning process of MLP architecture neural networks

The error of the neural network was estimated using cross-entropy [12]. The system chose a hyperbolic tangential
function as the activation function of the hidden layer of neurons, and a multidimensional logistic function for the
output layer of neurons.

After saving the resulting neural network in xml format, it could be downloaded and used for calculations in the
Statistica environment. Here, one could also save a neural network as code in several programming languages for later
use in software development.

Of the five trained neural networks that best corresponded to the validation and test data samples, we determined the
one with the highest accuracy in predicting the output parameter — 74%. This indicator was expressed as a percentage
of convergence with the output parameters of the samples (Fig. 5).

% SANN - Results: /lucr2 in 3oHa ky30oBHOro pemonTa ? X
Active neural networks
| Net. ID  Net name Training perf. Testperf.  Validation perf.  Algorithm Enor funct. IV
2 MLP 30153 84571429 80666667 74.000000 BFGS25 CE ]

Fig. 5. The result of neural network training

The best neural network that determined the risk level for the body repair area had the MLP 30-15-3 structure, that
is, a multilayer perceptron with 30 neurons in the input layer, 15 neurons in the hidden layer and 3 neurons in the output
layer. The input layer of 30 neurons was determined by the number of incoming indicators for a given work area. There
are 10 groups of indicators described in the “Materials and Methods” section, but due to the limited length of this
article, it is not possible to list them all. If needed, the number of indicators could be increased.

The resulting neural network was translated into the Java programming language. The code (Fig. 6) was
implemented into the digital twin program [13] and the artificial intelligence system [14] of the car service company
safety assessment platform developed on AnyLogic.

j *SANMN_JAVA Code Nuct2 in 3oHa kyzoeHero pemHoTa-3 - baok.. — O X

Laiin [lpaeka ®opmat Bua  Cnpaska
/*Compute feed forward signals from Input layer to hidden layer®*/ A

for (int__statist_row=8;_ statist_row <_ statist_nhidden;_ statist_rows+)
{

__statist_hidden[__statist_row]=8.8;

for(int__statist_cel=0;_ statist_col < _ statist_ninputs;_ statist_col+s+)

{

_ statist_hidden[_ statist_row]=_ statist_hidden[_ statist_row] +

[__statist_row][__statist_cel]®_ statist_inputs[__statist_cel]);

}

_ statist hidden[_ statist row]=_ statist hidden[_ statist row] +
|_statist_hidden_bias[_ statist_row]

Fig. 6. A fragment of the neural network code in Java
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Figure 7 provides the digital twin of the car service company safety assessment platform, developed at AnyLogic.
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Fig. 7. Digital twin of the safety assessment platform

The digital twin in real time [15] displayed the risk levels at each site in the production workshop and alerted users
to potentially dangerous events:

— movement of the crane;

— entry and exit of the car;

— opening of the inspection pit.

Employees without personal protective equipment and persons who did not have access to the hazardous work area
were identified.

As aresult, the dangerous factors of the car service company's production process were detected in a timely manner.
Their comprehensive assessment was presented as a certain level of risk. At the same time, two factors could hinder the
development of an unfavorable scenario:

— staff received timely information about the danger in graphic (color) and sound form;

— risk factors were eliminated, i.e. measures were taken to prevent accidents and industrial injuries.

Discussion and Conclusion. The results of the presented study close one of the gaps in risk management. Its
scientific novelty is due to the specific nature of car service companies' activities, which have not been previously
considered from this perspective. The first and most likely area of practical application of the proposed model of a
digital safety monitoring system is car repair shops. However, it should be noted that its practical implementation
involves mandatory installation of sensors and warning systems at the facility. The use of a digital safety monitoring
system model will allow for the detection of high-risk work areas in advance and reduce occupational injuries. Thus, the
digital twin of the car service company's safety assessment platform generated and transmitted the following
information necessary for monitoring and management decisions:

— in the area of preparation for painting, — average risk level;

— in the body repair area — average risk level, a moving crane requires special attention;

— in the st pit repair zone — low risk level when the pit is open;

— in the 2nd pit repair zone — low risk level when the pit is closed;

— in the repair area — average risk level.

Further research plans include the development of a risk monitoring system at a car service station. This system can
be supplemented with features that will assist staff in maintaining specific models of vehicles. Combining the assistance
and monitoring systems can help avoid errors and increase safety in the workplace. This is especially important when
servicing vehicles with unique design features, such as military vehicles. We plan to use augmented reality technology
to display visual cues on specialized screens.
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