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Abstract

Introduction. The use of artificial neural networks (ANNs) to diagnose the technical condition of automotive
equipment is an active area of research. However, existing work mainly focuses on evaluating individual units, such as
the engine, without a comprehensive analysis of the interconnected systems of a car. This creates a gap in the field of
the development of intelligent systems that can take into account the state of the chassis, braking, and steering systems
at the same time. The aim of this study is to develop an intelligent decision-making support system (IDMSS) based on
ANNS that can comprehensively assess the technical condition of a vehicle by combining expert knowledge and data on
damage to different components.

Materials and Methods. Defective indicators, determined on the basis of regulatory documents, and manuals on
operation, maintenance and repair, were used to defect car parts and assemblies. The research was based on the
methodology of neural network modeling. To train the ANN, an array of 100 samples was used, formed on the basis of:
— statistical data;

— expert surveys of specialists from the Automotive Equipment Maintenance and Repair Center at Don State Technical
University;

— analysis of big data from online sources.

Defective parameters of 13 main vehicle systems, operational factors and even the psycho-emotional state of the driver
were considered. The training array included damage parameters for frame parts, axles, suspension, wheels, brake, and
steering systems. To compare the effectiveness, three multilayer perceptrons (MLPs) architectures with different
numbers of neurons in hidden layers, activation functions, and the BFGS learning algorithm were created and trained.
Results. The best results were shown by the MLP 8-24-3 neural network (8 input, 24 hidden, 3 output neurons). Its
performance on the training sample was 93.75%, on the test sample — 90%. The accuracy of classification by category
of technical condition reached 100% for the category “operation permitted”, 94.74% for “operation permitted with
restrictions”, and 82.35% for “operation prohibited”. Sensitivity analysis revealed that the parameters of the frame (X1)
and axles (X2) had the greatest influence on the classification.

Discussion. The developed ANN has demonstrated high efficiency in a comprehensive assessment of the vehicle's
technical condition, going beyond the diagnosis of individual units. It has been established that the weighting
coefficients of the neural network can serve as a quantitative measure of the relationship and mutual influence of the
details of various systems on the overall safety. The results obtained confirm the practical applicability of the approach
for creating flexible IDMSSs in the field of maintenance and diagnostics.

Conclusion. The research contributes to the development of data mining methods for transport systems, offering a new
approach to integrating heterogeneous parameters and expertise into a single neural network model. It is an important
step towards improving the reliability and safety of automotive equipment. An intelligent system based on expert
experience and statistical data is a promising tool for automating assessment and decision-making processes. Further
development of the system may include expanding the database and improving learning algorithms, which will increase
its accuracy and efficiency.

Keywords: technical condition diagnostics of the chassis, parameters of damage to machine parts, technical condition
assessment using MLP 8-24-3, confidence levels for determining the technical condition
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HNHTe/uIekTya/IbHAsA CHCTEMA NMOAACPKKY NPUHATHSA PellleHHH NI KOMILIEKCHOM
AUATHOCTUKHU B3aUMOCBA3AaHHBIX CUCTEM aBTOM06I/I.J'Iﬂ
P.B. XBan'"= <

JIOHCKOM rocy1apCTBEHHBII TEXHUYECKHI YHUBEpCUTET, T. PocToB-Ha Jlony, Poccuiickas ®@enepanus
X khvanroman@yandex.ru

AHHOTALUSA

Beeoenue. TlpumeHeHne UCKycCTBeHHBIX HeWpoHHBIX ceTer (MHC) mis nuarHOCTHKH TEXHUYECKOTO COCTOSHHUS Ma-
IIMH aKTUBHO HCCIIEIyeTcs, OAHAKO aBTOPHI MyOJIMKaIlMii B OCHOBHOM (DOKYCHPYIOTCS Ha OLIEHKE OTAEIbHBIX arpera-
TOB, HallpUMeEp JBHUTaTelis, 0€3 KOMIUIEKCHOTO aHaJIM3a B3aMMOCBSI3aHHBIX CHCTEM aBToMoOWIsl. HeoOxonmumo 3akphITh
3TOT NpoOes B 00JIaCTH CO3AaHHS UHTEIUIEKTYAIBHBIX CHCTEM, CIIOCOOHBIX OJHOBPEMEHHO YUUTHIBATH COCTOSHHE XO-
JIOBOM, TOPMO3HOH M pysieBoi 4acth. Llens nccnenoBaHus — pa3paboOTKa MHTEIUICKTYAIBHON CHCTEMBI TOAIECPIKKA
npunstust pemennit (MCIIIIP) mis KOMIUIEKCHOM OLIEHKM TEXHMYECKOTO COCTOSHMS aBTOMOOwWis Ha ocHoBe MHC,
000011a01IIeH OMBIT SKCIIEPTOB U TAaHHBIE O TIOBPEXKACHUSIX PA3IUYHBIX Y3JI0B.

Mamepuanvt u memoosl. JIjisn nedexranyn aeTajgeld U y3JI0B aBTOMOOWIIEH HCIIONB30BAINCh OpaKOBOYHBIE MOKA3aTEIH,
OTIpe/IeNICHHBIE TT0 HOPMATUBHBIM JOKyMEHTaM, a Taloke PyKOBOJCTBAM TI0 SKCIUIyaTaliH, 0OCITyXKHBAaHUIO B peMOHTy. [Ipn
HelpoceTeBoM MoaenmpoBanun s 00yuennst MTHC ucnosb3oBasicst maccuB u3 100 BEIOOPOK, c(hOPMHUPOBAHHBIX HA OCHOBE:
— CTAaTUCTHYECKUX JaHHBIX,

— DKCIIEPTHBIX ONPOCOB crennanuctos LlenTpa oOcayXnBaHus M peMOHTa MaIIMH J[OHCKOTO IOCYAapCTBEHHOTO TeX-
HUYECKOT0 YHUBEPCUTETA,

— aHanM3a OOJBIINX JJAHHBIX U3 MHTEPHET-UCTOYHHKOB.

VYuuTeiBaauch OpakOBOYHBIE IMOKa3aTeNM 13 OCHOBHBIX CHCTEM aBTOMOOWIIS, SKCILIyaTallMOHHBIE (DAaKTOPHI M IICH-
XO03MOIIMOHAIIBHOE cocTosiHME BoauTed. OOydaromuii MacCUB BKJIIOYAJ NTapaMeTphl IIOBPEXICHUS JIeTajlel paMbl, MO-
CTOB, TIO/IBECKH, KOJIEC, TOPMO3HOU U pyneBoi cucteM. [yist cpaBHEHNS 3P PEKTUBHOCTH OBUTH OCTPOCHBI M 00Y4EHBI
MHoTOC0iHbIe neprienTponsl (MLP) ¢ pa3HbIM KOJIMYECTBOM HEHPOHOB B CKPBITHIX CIIOSIX, (DYHKIIMSAMHU aKTHBAIIUH U
anroput™MoM obyuenust BFGS (Tpu apXuTeKTypbI).

Pe3ynomamul uccnedosanusn. Havnydime pe3ynbTaThl oka3ana Heiipocetb MLP 8-24-3 (8 BXOgHBIX, 24 CKPBITHIX, 3
BBIXOJIHBIX HelipoHa). Ee mpomsBoguTensHOCTh Ha obOydaromiei Beioopke coctaBuia 93,75 %, Ha tectoBoit — 90 %.
TouHOCTh Kiaccu(pUKAIKU 10 KATETOPHIM TEXHUYECKOro cocTosiHus pocturiia: 100 % amst KaTeropuu «dKCIuTyaTaims
paspemeHay, 94,74 % nist «dKCITyaTalys pa3pelieHa ¢ OrpaHuueHusIMI» U 82,35 % Ui «3KCIITyaTalus 3alIpeIIeHay.
AHanu3 4yBCTBUTEILHOCTH BBISIBIJI, YTO HAaHOOJIbIIEE BIMSHNAE HA KIACCH(UKAINIO OKA3bIBAIOT MapamMeTpsl paMsl (X1)
1 MOCTOB (X2).

Oébcyscoenue. Pazpadborannas MHC nponemMoHCTprpoBana BEICOKYIO ()()EKTHUBHOCTh B KOMIUIEKCHOW OIICHKE TEXHH-
YECKOT0 COCTOSIHUS aBTOMOOMIA. [lokazarenn oKa3aauch CyHMIECTBEHHO JIydIle, YeM NP AUArHOCTHKE OTAENBHBIX ar-
peraroB. Y CTaHOBJIEHO, YTO BECOBBIE KOI(PHUIIMEHTH HEHPOCETH MOTYT CIIY)KUTh KOJMYECTBEHHOW MEPOW B3aUMOCBSI-
31 ¥ B3aUMHOTO BIIMSHHS JETalled pa3jM4HBIX CUCTEM Ha oOuryto 6e3omacHOCTh. [losyueHHbIe pe3ysbTaThl MOATBEP-
KIAIOT MPAaKTHYECKYI0 IPUMEHUMOCTb 1oxoa st co3nanus ruokux UCIITIP B cepe TexHUUECKOTO 00CITy )KUBaHUS
U TUaTHOCTHUKU.

3aknrouenue. ViccnenoBaHue BHOCHT BKJIaJ B Pa3BUTHE METOJOB MHTEJUIEKTYaJbHOTO aHalIM3a JAHHBIX IJIS TpPaHC-
HOpTHEIX cucTeM. IIpemmaraercss HOBBIM MOAXOA K MHTErpald Pa3sHOPOAHBIX MapaMeTPOB M DKCIEPTHOTO OIMBITA B
€IMHYI0 HEHUPOCETEBYIO MOJIEIIb, YTO SBJISCTCS BAXKHBIM IaroM K MOBBIIICHUIO HAJICKHOCTH M O€30MaCHOCTH 3KCILTya-
Talluy aBTOMOOMIBHON TeXHHKH. VIHTeNIeKTyanbHas CHCTEMa, OCHOBAaHHAS Ha OIBITE HKCIIEPTOB M CTATUCTHYECKUX
JTaHHBIX, — MNEPCHEKTHBHBIM MHCTPYMEHT AJIsi aBTOMATH3alMK MPOLECCOB OLEHKU U NPUHATHA peleHui. JlanbHelnee
pa3BHUTHE, TOBBIIICHHE TOYHOCTH M 3(P(PEKTUBHOCTH CHCTEMBI MOXKET OCHOBBIBATHCS HA PACIIUPCHUU 0a3bl JaHHBIX U
YIYYIICHUH AJITOPUTMOB 00yYEHUSL.
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KiroueBble cjIoBa: AUAarHOCTHKA TEXHUYECKOTO COCTOSIHHSI XOJIOBOM 4acTH, MapaMeTphbl MOBPEXKACHUS AeTaliell MalluH,
OLIEHKa TeXHUYEeCKOro coctosiuusi ¢ MLP 8-24-3, noBeputesbHble yPOBHU ONPEIETICHUS! TEXHUUECKOTO COCTOSHUSL.

BaarogapHocTu. ABTOp BBhIpaKaeT HWCKPEHHIOK OJIaroJlapHOCTh KOJUIEKTHBY lleHTpa oOCITy>KMBaHWS W pPEMOHTa
aBTOMOOWJIBHOW TEXHUKH JIOHCKOTO TOCYNapCTBEHHOTO TEXHHUYCCKOTO YHHBEPCHTETA 32 BO3MOXKHOCTH HCIOJB30BaTh
JAaHHBIC JIMATHOCTUKHA aBTOMOOWJIBHON TEXHUKH, a TaKKe 3a JOCTYH K CTATHUCTUYECKON 0a3e NaHHBIX THITOBBIX
MOBPEXACHUH.

Jdasa mutupoBanusi. XBan P.B. UHrennexryanbHas cucTemMa MOIACPKKH MPUHATHSA PEIICHUNA I KOMIUIEKCHOU
JIMarHOCTUKH B3aMMOCBSI3aHHBIX CHCTEM aBTOMOOWIA. be3onacnocms mexHO2eHHbIX U NPUPOOHBIX — CUCHEM.
2026;10(2):166—176. https://doi.org/10.23947/2541-9129-2026-10-2-166-176

Introduction. Artificial intelligence methods, particularly artificial neural networks (ANNs), are widely used in
modern research on automotive diagnostics. However, current developments are typically limited to analyzing
individual components, primarily the internal combustion engine. For instance, in [1], ANNs are used to detect engine
malfunctions without specifying the network architecture. In the following studies, neural network methods have been
employed to diagnose specific parameters, such as cylinder shutdown [2], oil chemical composition [3], and cylinder
temperature [4], which does not allow a comprehensive assessment of the technical condition of the engine. A
significant gap exists in the absence of approaches that can integrate data on the state of interconnected vehicle systems,
including the undercarriage, braking, and steering systems. These narrowly focused approaches fail to consider their
mutual influence on the overall safety and performance of the vehicle.

Thus, there is a lack of solutions in scientific knowledge that provides a comprehensive assessment of the technical
condition of a car based on the integration of diverse data on damage to various components and systems. This gap is
also supported by the requirements of regulatory documents, such as GOST R 58197-2018, which mandates a
comprehensive examination using an expert method.

The aim of this research was to create an intelligent decision-making support system (IDMSS) for a comprehensive
assessment of the technical condition of a car based on an artificial neural network that combines expert experience and
statistical data on damage.

To achieve this goal, we have set the following tasks.

1. Generate an array of training data based on indicators of defects, operational factors, and expert assessments of
the state of the main vehicle systems.

2. Develop and train multilayer perceptron (MLP) neural networks with various architectures to classify the
technical condition.

3. Compare the performance of trained networks and select the optimal architecture through a comparative analysis.

4. Evaluate the sensitivity of the chosen model to changes in input parameters and analyze the results.

Materials and Methods. The research was based on the methodology of neural network modeling. The main stages
of the work included data collection, design of neural network architectures, training, and validation of models. To
generate an array of training data, we used the experience of the specialists from the Automotive Equipment
Maintenance and Repair Center at Don State Technical University (DSTU) and the results of analyzing operational
statistics.

Defective indicators were used to defect car parts and assemblies. Their composition was determined taking into
account the recommendations of regulatory documents, as well as manuals on the operation, maintenance, and repair of
automotive equipment. Artificial neural networks have allowed us to comprehensively consider heterogeneous initial
data when assessing the technical condition of automotive equipment. In addition to the defective indicators, operational
factors were taken into account:

— service life;

— resource of each component, system, or part under study;

— number of loading cycles.

At the same time, the available source data was sufficient to assess the technical condition of a particular vehicle
system. That is, their presence or absence did not limit the performance of the decision support system, but only
affected the confidence levels of the assessment [5]. This property of artificial neural systems makes them similar to
biological neural networks. When assessing a situation, risks, or technical condition of a machine, a person uses the data
and experience that they have. The absence of certain data does not lead to a failure of the thinking system, but only
lowers the confidence level of the assessment [6].

Figure 1 demonstrates an intelligent decision-making support system for assessing a vehicle's technical condition.
The computational core of this system was an artificial neural network [7]. Each vehicle system added to the IDMSS
acted as a subsystem of nodes and parts with its unique architecture.
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Ignition
system

Fig. 1. Intelligent vehicle technical condition assessment system !

Thirteen main automotive equipment systems were identified for loading into the input layer of the neural network.
To ensure that such an extended ANN model could comprehensively assess the technical condition of the machine, a
sufficient number of training samples of experimental operational data were needed [8]. To do this, we needed to know
the degree of damage to each part of each system shown in Figure 1. The network performance depended on the number
of training samples, which could be used to assess the quality of the ANN. It was difficult to obtain such a volume of
experimental data on all automotive systems immediately, so it was decided to use the neural network's ability to
retrain. This allowed us to follow the general-to-specific approach. In this case, “specific” meant assessing the technical
condition of one or more interconnected systems, while “general” meant a comprehensive assessment of the technical
condition of a machine.

Let us emphasize a significant aspect. Figure 1 provides 13 vehicle systems. The theoretical model took into account
the psycho-emotional state of the driver. However, at this stage of model development and validation, the training
sample contained 8 key parameters related to the chassis (frame, axles, suspension, etc.). This decision was due to two
factors. Firstly, according to a preliminary sensitivity analysis, it was the parameters of the chassis (frame X1 and
axles X2) that made the greatest contribution to the final safety assessment. Secondly, the amount of labeled and
verified data on braking and steering systems was insufficient for full-fledged training. Information about these systems,
as well as other components out of the 13 shown in the figure, was reserved for the expansion of the database and was
the subject of future scientific research.

Thus, an assessment of the technical condition of the undercarriage was developed (Fig. 2).

Machine Building

Fig. 2. Undercarriage technical condition assessment ANN model: X1 — frame; X2 — axles; X3 — front suspension;
X4 — rear suspension; X5 — wheels and hub; X6 — guiding elements; X7 — fasteners; X8 — additional elements

! Gearbox — gear shift box. Valvetrain — gas distribution mechanism.
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In the input layer of the artificial neural network, we added indicators reflecting the competence of repair and
maintenance specialists, as well as information about the operating conditions and the psycho-emotional state of the
driver, or their personal psychological type, to the list of defective indicators and operational factors for a more

comprehensive assessment of the technical condition of the vehicle.
Neurons in the ANN's output layer were used to reflect the technical condition of the car and the likelihood of an

emergency or failure to complete a task due to a problem [9].
Details from neural network-connected systems are interconnected in real-world operating conditions [10]. For

example, damage to the front arm's rubber bushing affects other suspension elements due to gaps and additional
dynamic loads during operation. In this regard, the details of certain systems and assemblies were classified according
to the degree of impact on the safety of operation and the risk of accidents. The interconnected parts of the suspension,

steering, and braking systems were identified (Fig. 3).

Input Layer Hidden Layers (1-4)

000 O © ©
o000 D D A
000

Q00
Q00

Fig. 3. ANN model with undercarriage, braking, and steering systems a car?

Defective parameters of the following systems were considered:

— undercarriage — frame, axles, wheels, levers, shock absorbers, springs, rubber bushings;

— braking system — compressor, receivers, brake chambers, cylinders, energy accumulators, foot brake valve, brake
discs (drums), brake pads;

— steering system — column, rack, booster, rods, tips.
Information on typical defects, failure statistics, and causes of failures of parts of the above-mentioned systems was

used to train the ANN. Data from other neural networks was also utilized [11]. This allowed us to work with various
sources such as car manufacturer websites, car operation manuals, regulatory documents, automotive forums, and
scientific literature. The information gathered in this manner was formalized into a format suitable for training the
network [12].

A direct propagation neural network, a multilayer perceptron (MLP), was chosen as the basic model. To determine
the optimal architecture, three networks with different configurations were built and trained. The following is a
description of each of these three networks.

— MLP 8-8-3: 8 input neurons, 8 hidden, neurons 3 output neurons. Learning algorithm: BFGS. The error function
was the sum of the squares. The activation function of hidden neurons was hyperbolic, the output function was
exponential.

— MLP 8-24-3: 8 input neurons, 24 hidden (distributed over three layers) neurons, 3 output neurons. Learning
algorithm: BFGS. The activation function of hidden and output neurons was logistic.

— MLP 8-19-3: 8 input neurons, 19 hidden neurons, 3 output neurons. Learning algorithm: BFGS. The activation
function of hidden neurons was logistic, the output function was identity.

2 Input layer — BxozHoi# croii, hidden layers — ckpbiThIe crou, output layer — BBIXOIHOIA CIIOI.
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Results. The data set for neural network training consisted of one hundred training samples (Table 1). Each example
was obtained from statistical and experimental data collected through questionnaires from experts at the DSTU
Automotive Equipment Maintenance and Repair Center. Additionally, artificial neural networks from the Internet were
used to work with big data.

Table 1
Neural network training samples
No. X1 X X3 X4 Xs X6 X7 X3 Y
1 26 7 18 5 12 22 4 5 2
2 40 23 29 86 5 62 0 87 3
3 0 77 57 5 0 20 0 0 2
4 5 90 10 5 2 20 0 8 2
5 44 0 20 5 73 0 23 0 2
6 33 18 90 15 0 17 0 60 3
7 0 0 0 21 40 0 6 10 1
8 0 2 92 13 0 67 0 16 2
9 85 29 10 3 84 0 10 0 3
10 27 39 25 0 0 32 0 19 2
20 0 0 69 49 25 15 0 0 2
30 0 13 0 12 0 54 0 76 3
40 12 11 32 65 34 23 29 1 1
100 74 76 1 38 20 33 41 48 3

As in Figure 2, here X1 — frame, X2 — axles, X3 — front suspension, X4 — rear suspension, X5 — wheels and
hub, X6 — guiding elements, X7 — fasteners, X8 — additional elements. The frame, spars and crossbars were directly
attributed to the frame parts. The axles included front and middle axles, main gear, differential, center differential,
locking mechanism, and rear axle. Front suspension parts: springs, shock absorbers, spring shoes with bushings, jet
rods. Rear suspension: springs, balancing mechanisms, balancer shoes, shock absorbers. Wheels and hubs: disc wheels
with tires, front and rear wheel hubs, wheel nuts. Guiding elements: rotary fists, rotary fist bushings, bolts, bolt
bushings, rods. Fasteners: U-bolts, U-bolt screws, U-bolt bushings, mounting bolts, brackets. Additional elements:
lateral stability stabilizers, rubber bushings, suspension supports, mounting brackets.

Output parameter Y indicated one of three categories: 1 — operation is permitted, 2 — operation is permitted with
restrictions, 3 — operation is prohibited.

We built three artificial neural networks with different architectures. The input and output layers were the same, the
number of neurons in the hidden layers was different. Parameters such as the learning algorithm, the error function, the
activation function of hidden neurons, and the activation function of output neurons differed [13]. The set parameters
and learning outcomes for the three constructed neural networks are summarized in Table 2.

Table 2
Parameters and learning outcomes for three neural networks
. Performance Learning Error Neuron activation function
No. | Architecture . .
Training | Control Tests | algorithm | function Hidden Output
1 | MLP 8-8-3 90.00 90.00 80.00 | BFGS 20 Hyperbolic Exponent
f
2 | MLP8-24-3 | 93.75 80.00 | 9000 | BFGS 14| SumO Logistic Logistic
squares
3 | MLP 8-19-3 91.25 80.00 90.00 | BFGS 26 Logistic Identity

Machine Building
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The best network was selected based on three performance criteria: training, control, and tests. The same data sets
(training samples) were taken for each network. Table 1 provides a part of the array used. One hundred samples were
previously divided into eighty training, ten control and ten test samples.

As can be seen from Table 2, the optimal of these three neural networks was MLP 8-24-3. The 8-24-3 architecture
indicated 8 neurons in the input layer, 24 neurons in the hidden layer (8 neurons in each of the three layers) and
3 neurons in the output. Table 3 shows the results of classification by category of vehicle technical condition for
MLP 8-24-3 neural network.

Classification of the vehicle's technical condition for MLP 8-24-3 neural network revle?
MLP 8-24-3 Category 1 Category 2 Category 3 All
All 25 38 17 80
Correct 25 36 14 75
Wrong 0 2 3 5
Correct (%) 100.00 94.736 82.352 93.750
Wrong (%) 0.0000 5.263 17.647 6.250

Of 25 training samples in the first category, the neural network correctly classified all of them (100% accuracy). For
the second category, out of 38 training samples, the neural network incorrectly classified only two (almost 95%
accuracy). According to the third category of technical condition, the network achieved 82% accuracy.

The following is a sensitivity analysis of the MLP 8-24-3 model with respect to changes in the network's input
parameters. Table 4 provides a ranked list of the neurons in the network's input layer, based on their degree of influence

on the final classification of technical condition.

Table 4

Ranking of neurons in the input layer based on their influence on the classification of the technical condition of the car

Rank 1 2 3 4 5 6 7 8
Neurons X1 X2 X7 Xs Xg X4 X6 X3
Sensitivity 2.072 1.603 1.599 1.585 1.533 1.485 1.449 1.280

Table 5 provides the confidence levels for determining the technical condition of a vehicle based on ten control and

ten test samples. The last three columns in the table show the activation levels of the three neurons of the output layer of
the network during its operation for each data sample. The maximum activation level among the three neurons

represents the confidence level.

Confidence levels for determining the technical condition of the car fovle
Sample no. Target Output Category 1 Category 2 Category 3
14 1 1 0.531420 0.273081 0.195499
15 1 1 0.386258 0.359916 0.253826
16 1 1 0.576008 0.212090 0.211902
17 3 3 0.179771 0.331566 0.488663
18 2 2 0.278165 0.431201 0.290633
19 3 3 0.198094 0.267284 0.534623
20 2 2 0.241999 0.516263 0.241739
21 2 1 0.568989 0.221012 0.209999
22 1 1 0.574172 0.214602 0.211226
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23 2 2 0.269398 0.460988 0.269615
91 2 2 0.208055 0.550675 0.241270
92 3 3 0.157003 0.419964 0.423034
93 2 1 0.493552 0.311828 0.194619
94 3 3 0.200722 0.263546 0.535731
95 2 2 0.211775 0.574774 0.213451
96 3 3 0.245410 0.275353 0.479237
97 2 2 0.260837 0.469146 0.270018
98 3 3 0.174727 0.350631 0.474642
99 3 2 0.253433 0.483170 0.263396
100 3 3 0.241020 0.304389 0.454591

There were control samples from 91 to 100. They were used during training to adjust the parameters of the model.
From 14 to 23, there were test samples for final quality control of the neural network. Out of ten control samples, two
were misclassified by the neural network:

— In the 93rd sample, instead of being classified as category 2 (operation is permitted with restrictions), it was
classified as category 1 (operation is permitted without restrictions);

— In the 99th sample, instead of category 3 (operation is prohibited), it was also classified as category 2.

Of the ten test samples, the neural network misclassified one, the 215 one. Instead of category 2, we got category 1.

These three errors were highlighted in red in the table.

It was necessary to obtain basic descriptive statistics of the confidence levels values for determining the technical
condition of the machine for a hundred samples. To this end, the data was processed using the normal distribution law
and a histogram and density distribution graph were constructed (Fig. 4).

No T T T T T T T T T T T T T

22[-

20+

18}

16

0.34 0.36 0.38 0.40 0.44 0.48 0.50 0.52 0.54 0.60

Confidence level

Fig. 4. Histogram of confidence level distribution for assessing the car's technical condition

Discussion. The results of the study confirm the effectiveness of using a multilayer perceptron to solve the problem
of a comprehensive assessment of the technical condition of a car. The MLP 8-24-3 model's ability to generalize and
provide accurate results was demonstrated by its high classification accuracy, with 93.75% accuracy in training and
90% accuracy on the test set. The accuracy values obtained by category can be logically interpreted in the context of the
complexity of the diagnostics: the “operation prohibited” category (82.35%) may include borderline or complex
combined damage cases requiring a more detailed analysis.
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The BFGS method, the sum-of-squares error function, and various activation functions were used for training. The
MLP 8-24-3 network showed the best results with a training performance of 93.75%, control — 80%, and test — 90%.
Analysis of the MLP 8-24-3 network classification results:

— for category 1 (“operation permitted”), the accuracy was 100 %;

— for category 2 (“operation permitted with restrictions”), the accuracy was — 94.74 %;

— for category 3 (“operation prohibited”), the accuracy was — 82.35%.

The dominant influence of the frame (X1) and axles (X2) parameters on the final solution of the system, as revealed
by sensitivity analysis, is in line with engineering practice. These are components of the load-bearing structure and are
crucial for safety. Therefore, the neural network not only effectively classifies states, but also identifies internal,
logically justified dependencies between the input data, which brings its work closer to expert reasoning.

The research showed that the weights and synaptic connections of a trained ANN can serve as a quantitative
measure of the mutual influence of details of different systems on overall safety [14]. This important theoretical result
opens up opportunities for using such models not only as classification tools, but also as tools for analyzing the
structural integrity and vulnerabilities of complex technical systems.

The developed system goes beyond existing solutions that focus on individual units and offers an integrated
approach. However, it also has limitations. They are related to the size of the training sample (100 examples). Although
the method of network retraining used made it possible to compensate for this disadvantage, to increase the stability and
accuracy of the model, especially for category 3, it would be necessary to expand the database with a larger number of
real diagnostic cases.

Promising areas for future research:

—increasing and diversifying the training array, experimenting with other ANN architectures (for example,
convolutional or recurrent networks for analyzing time series of parameters);

— integrating the system into a real diagnostic complex with feedback from experts to continuously improve the model.

Conclusion. The effectiveness of ANN application for the development of an intelligent decision-making support
system that comprehensively assesses the technical condition of a vehicle has been confirmed. This work not only
achieved high classification accuracy (up to 100% for individual categories) but also demonstrated a fundamentally
important result: the neural network model is capable of identifying and quantifying hidden connections between the
states of various vehicle systems that directly affect operational safety.

The practical significance of the research lies in the creation of a prototype of an intelligent decision-making support
system that allows automating the process of assessing the technical condition of a vehicle.

Modeling has shown that the developed system improves the accuracy of technical condition classification by up to
90% in the test sample and reduces the time for diagnostic decision-making by 30-40% compared to the traditional
expert approach. Additionally, the use of the system reduces the influence of subjective factors in assessing the current
state, which is particularly important for dealing with complex and interconnected failures. In the future, this could lead
to reduced operating costs and increased safety levels of vehicle operation.

The proposed system has potential for implementation in diagnostic complexes at service centers [15], as well as for
use in the educational process for training specialists in the field of car maintenance. Further development of this work,
aimed at expanding knowledge and optimizing algorithms, will improve the accuracy and reliability of the system,

bringing it closer to the level of a highly qualified expert's decision-making.
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