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Abstract

Introduction. Federal industrial safety standards and regulations establish the requirements for the technical condition
assessment of the said engineering devices and associated equipment. However, these regulatory frameworks require a
discrete-level defect analysis of composite nodes and parts of load-lifting machinery. This approach does not always
ensure the required accuracy and objectivity in monitoring the overall condition of equipment, as various combinations
of defects in numerous structural components determine varying degrees of their overall wear. This is due to the fact that,
during long-term operation, the components and parts of the mechanisms are subject to uneven destructive stress resulting
in variability in the degree of their damage. The present work proposes a combination of scientific and technical measures
to improve the operational reliability of both lifting machines and associated equipment through the integration of modern
intelligent algorithms. The research objective of the study is to develop an intelligent decision support system designed
for a comprehensive, integrated assessment of the operating conditions of lifting structures.

Materials and Methods. To achieve this objective, three models of artificial neural networks have been developed. The
first model contains five layers: the first input layer includes eight neurons corresponding to the same number of rejection
indicators of lifting structure components, such as defects in the undercarriage, braking system, rope-and-pulley system,
and load hook. The three subsequent hidden layers contain eight neurons each. They are responsible for the learning
process of the network and provide recording of intermediate results. The output layer consists of three neurons, each of
which characterizes a certain class of technical condition of the object under study. The second neural network has a
similar configuration, except for the input layer, which additionally includes nine neurons corresponding to the rejection
indicators of the supporting metal structures of lifting facilities. The input layer of the third model contains twenty-nine
neurons. This structure allows for a comprehensive assessment of equipment condition across a full range of rejection
indicators. The practical implementation of the developed models was performed in the Python programming
environment using the Scikit-learn machine learning library. Testing of the performance and efficiency of the developed
networks was carried out on ten independent samples according to their performance criteria and confidence intervals for
assessing the state of engineering devices.

Results. The performance of the developed models under testing was 100%, meaning each of the three neural network structures
accurately classified the conditions of the lifting structures in all ten test scenarios. Moreover, the confidence level of the
judgments made increased as the number of network input parameters was scaled in the range from 0.628 to 0.705.
Discussion. The presented data demonstrate the significant impact of the artificial neural network architecture on the
precision of lifting structure diagnostics. The key result is the establishment of a numerical relationship between
combinations of rejection criteria and the resulting condition class through the analysis of the activation levels of output
layer neurons, which serve as a quantitative measure of the reliability of the decision made by the model. The findings
correlate with previous research in the field of applying machine learning methods to technical diagnostics. The specificity
of the proposed approach is in the integrated assessment of the overall condition without detailed mathematical modeling
of local physical processes, which determines its efficiency under conditions of limited a priori information about
operational modes. Limitations of the work include a relatively small sample size and a certain subjectivity of expert
marking. Possible errors are due to the risk of retraining the neural network on small arrays of training information.
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Conclusion. The proposed intelligent system is developed taking into account practical experience in operating lifting
machines, analysis of accumulated statistical data, and the requirements of current industry standards. Scientific results
expand the understanding of the potential of using artificial intelligence algorithms to ensure the technological safety of
complex technical objects. The implementation of such systems will allow engineering and technical personnel who do
not have extensive practical experience in on-site inspection of structures to make qualified and informed decisions
regarding the possibility of continuing the safe operation of equipment.

Keywords: lifting structures, artificial neural networks, degree of damage, rejection indicators, combination of defects,
technical condition assessment
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Beeoenue. DenepanpHpie HOPMBI U TIPABHJIA B 00JIACTH TPOMBIIIICHHON 0€30MaCHOCTH PETJIAMEHTHUPYIOT TTOPSIOK TIPO-
BE/ICHUS OLICHKU TEXHUIECKOTO COCTOSHHS YKa3aHHBIX TEXHUYECKUX YCTPOMUCTB M COMyTCTBYIOIIEro obopynosanus. Ox-
HAaKO JaHHBIC PETyJIATOPHBIC TPEOOBAHUS MPELyCMAaTPUBAIOT IPOBEACHHUE JUCKPETHOTO aHaIn3a Ne()eKTOB OTAEIbHBIX
Y3JIOB | JieTaleil rpy301o//beMHbIX MamuH. [10100HbIH mogxoa He Beerna obecneyrBaeT TpedyeMyo TOUHOCTh U 00b-
€KTHBHOCTb TIPH IMarHOCTUPOBAHUM OOIIEro COCTOSIHUSI 000PYAOBaHUsI, TaK KaK pa3HOOOpa3HbIe coYeTaHus Ae(PeKTOB
B MHOTOUYHUCIICHHBIX KOHCTPYKTHBHBIX JIEMEHTAX MPEAONPEAEISIOT Pa3IMUHYI0 CTENEHb UX COBOKYIHOIO M3HOCA. DTO
00yCIIOBIICHO TE€M, YTO B XOJI€ JOJITOBPEMEHHO 3KCIUTyaTalluy COCTABHbIE Y3JIbl M JIETAJI MEXaHU3MOB TOJIBEPTatOTCs
HEPaBHOMEPHOMY JECTPYKTUBHOMY BO3JEHCTBUIO, IPUBOASIIEMY K BADHaTUBHOCTH CTENEHU UX pa3pylleHus. B Hacto-
AIIeM HCCIIEI0BAaHUY IpearaeTcs chopMupoOBaTh KOMIUIEKC HAyYHO-TEXHHYECKIX MEp, HAIIPaBJICHHBIX HA TIOBBIIIICHNE
9KCIUTyaTaI[MOHHON HaAe)KHOCTH KaK CAMHX I'Py30IOABEMHBIX MAIllMH, TaK M COMPSHKEHHOT0 000pYyIOBaHUS, ITOCPE-
CTBOM MHTETPALNU COBPEMEHHBIX HHTEIUIEKTYaIbHBIX aJTOPUTMOB. Llens paboTel — pa3paboTka HHTENICKTYaIbHON CH-
CTEeMBI TTOAJCPIKKH IPUHATHUS PEIIeHHH, IpeAHa3HaYeHHON JJIs1 KOMIUIEKCHOM MHTErpalbHOM OIIEHKH TEXHHYECKOTO CO-
CTOSIHUS TTIOABEMHBIX COOPYKEHHH.

Mamepuanst u memoost. J1511 TOCTYKEHUS TIOCTaBJICHHOM 11enM ObUTH pa3paboTaHbl TPH apXHUTEKTYPhl HCKYCCTBEHHBIX
HEeHpoHHBIX cereld. [lepBast MOAEb XapakTepU3yeTcs MATUCIOMHON CTPYKTYPOM: NEPBbIA — BXOAHOM CJIOM BKIIIOYAET BO-
CeMb HEHPOHOB, COOTBETCTBYIOIIMX aHAJIOTMYHOMY YHCITy OpakOBOUYHBIX MOKa3aTelel 3JIEMEHTOB MOABEMHBIX COOPYsKe-
HHH, TAKUX KaK J1e(EeKThl XOA0BOH 4acTH, TOPMO3HOH CHCTEMBI, KAHATHO-OJIOUHOM CHCTEMBI M TPY30BOT0 Kproka. Tpu mo-
CJIEJTYIOIINX CKPBITHIX CIIOS COAEPIKAT MO BOCEMb HEHPOHOB KaX[Iblii, 0OecTieunBast pouece 00ydeHus 1 (GUKCALHIO MPo-
MEXYTOYHBIX PE3yJIbTaTOB. BBIXOHOM €101 COCTOUT U3 TPEX HEHPOHOB, KAXKBIN U3 KOTOPBIX XapaKTepU3yeT OIPeIE/ICH-
HBII KJIACC TEXHMYECKOTO COCTOSHHUS MCCIIelyeMoro o0beKkTa. Bropast HepoHHast ceTh MMeeT aHAJIOTMYHYI0 KOH(HTYypa-
IIMI0, 32 MCKJIIOUYCHHEM BXOJHOTO CJIOS, B KOTOPBIMA JOMOJHUTEIHHO BKIIIOYEHO AEBATH HEHPOHOB, COOTBETCTBYIOLIMX
TNOKa3aressiM OpPaKOBKH HECYIIMX METaNIOKOHCTPYKLIMH MOLEMHBIX COOPYKeHUIH. BX0IHO ci10ii TpeTbei Mosienu coaep-
JKHT JIBaJIIaTh JCBATh HEHpoHOB. [logo0Has CTpyKTypa MO3BOJISET KOMIUIEKCHO OLIEHHBATh COCTOSIHHE 000pYAOBaHUS 110
BCEll COBOKYITHOCTH OPakOBOYHBIX NOKa3zarenel. [IpakTideckas peanu3anus pa3paboTaHHBIX MOJIENIEH BBIOJIHEHA B Cpezie
nporpammupoBanuns Python ¢ mcnonszoBanneM OnbaroTekn MammHHOTO 00ydeHus Scikit-learn. TectupoBanme padorto-
CIOCOOHOCTH M 3 (PEKTUBHOCTH Pa3pabOTaHHBIX CETEH MPOBOAMIOCH HA JECSTH HE3aBHCHUMBIX BHIOOPKAX 110 KPUTEPHSIM
UX NIPOU3BOJUTEIHHOCTH 1 IOBEPUTEIILHBIM HHTEPBAJIAM OIIEHKH COCTOSIHUS TEXHUUECKUX YCTPOUCTB.

Pesynomamut uccneoosanus. IIpon3BoIuTeIbHOCTD Pa3pabOTaHHBIX MOAEIEH B X0€ TecTHpoBaHus coctasuia 100 %,
TO €CTh KaXK/asi M3 TPEX HEHPOCETEBBIX CTPYKTYP O€30MIMO0YHO KIacCU(PHUIMPOBaAIa COCTOSHAE TIOABEMHBIX COOPYKe-
HUIl BO BCeX AECATH TECTOBBIX ClieHapHsxX. IIpu 3ToM HoBepUTENBHBIN ypOBEHb BEBIHOCUMOTO CYKIECHUS BO3pacTal Mo
Mepe MacIITabHpOBaHuUs YKcia BXOJAHBIX ITapaMeTpoB ceTH B ananazone ot 0,628 no 0,705.
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Oécyacoenue. IlpenctaBneHHBbIC NAaHHBIC IEMOHCTPHPYIOT BBIPDAKCHHOE BIHMSHHE apXHTEKTYypBl HCKYCCTBEHHOMH
HEWPOCETH Ha MPEU3UOHHOCTH IUArHOCTUPOBAHMUS MTOIBEMHBIX COOPYKeHHH. KiTroueBbIM pe3yIbTaToM ABISIETCS yCTa-
HOBJIEHHE YHCIICHHOW 3aBUCUMOCTH MEXy KOMOMHAIMSAMH OPaKOBOYHBIX KPUTEPHUEB U PE3yIbTUPYIOLINM KIIACCOM CO-
CTOSIHUS IOCPEICTBOM aHAIN3a YPOBHEH aKTHUBALIUU HEHPOHOB BBIXOAHOTO CJIOS, BHICTYHAIOIUX KOJIHMYECTBEHHON Me-
PO¥i 10CTOBEPHOCTH IPUHUMAEMOT0 MOJETbIO petieHus. [lomyueHHbIe BBIBOIBI KOPPEIUPYIOT C MPEALUIECTBYOIUME UC-
CJICZIOBaHUSIMHU B 00JIaCTH TPHUII0KEHHST METO/I0B MAIIMHHOT'0 00YyYEHHMs K TeXHHUYECKOi tnarHoctuke. Crenuduka npea-
JIO’KEHHOTO TI0/IX0/1a COCTOMT B MHTErPAJIbHOM OIeHKE OOIIEro cOCTOSIHUS 0€3 IeTaIbHOr0 MaTeMaTHYECKOT0 MOJIEIIH-
POBaHUS JOKANBbHBIX (PU3NYECKHX IIPOLECCOB, YTO 00ycioBmHBaeT ero 3((eKTHBHOCTP B YCIOBHAX AedUINTA
anpruopHON MH(pOpMaIMK 00 3KCIUTyaTallMOHHBIX pexkuMax. K unciny orpanmdennii paboThl cienyeT OTHECTH OTHOCH-
TEJIBHO HeOOIIBIIOl 00eM BEIOOPKH M OIIPEEIICHHYIO CYOBEKTHBHOCTE SKCIIEPTHON pa3MeTKH. Bo3MOKHBIE IOTPEIIHO-
CTH O0YCIIOBJICHBI PUCKOM Mepeo0yUeHHst HEHPOCETH Ha MaJIbIX MacCUBax oOyuaromieid HHHOpMaLUH.

3aknrouenue. IlpenoxenHast HHTEIUIEKTyalIbHAs CHCTEMa pa3padoTaHa C yUeTOM IPAKTHYECKOTO OIBITA SKCILTyaTallui
MIOJTbEMHBIX MalllWH, aHaJIN3a HAKOIUICHHBIX CTATUCTUYECKUX NaHHBIX U TPEeOOBAHMH NEHCTBYIOIIMX OTPACIIEBBIX CTaH-
napToB. Hay4Hble pe3ynbTaThl pacIIMpsIOT IIPEACTABICHHE O MOTEHIMAIe NPUMEHEHHUS aJlTOPUTMOB MCKYCCTBEHHOT'O
MHTEJJIEKTa JUIs 00ecTieueHNs TEXHOTEHHOM OE30IacHOCTH CIIOKHBIX TEXHHYECKHX 00BEKTOB. BHenpeHne momoOHBIX
CHCTEM 03BOJINT HH)XEHEPHO-TEXHUYECKOMY MEPCOHAIY, He 00J1alatomeMy OOIIMPHBIM MPAKTHYECKUM OIIBITOM HATyp-
HOTO 00CIIeJOBaHMs KOHCTPYKIHWH, MPUHUMATh KBaIH(UIIMPOBaHHBIE U OOOCHOBAHHBIE PEIICHUS! OTHOCHTEIBLHO BO3-
MOYKHOCTH TPOJIOJDKEHUS 0€30MaCHOM IKCIITyaTalluu 000pyA0BaHusI.

KaroueBble cjioBa: MMOABEMHBIC COOPYIKEHUS, NCKYCCTBECHHBIC HGﬁpOHHLIe CCTU, CTCIICHb MMOBPEKIACHUSA, 6paKOBO'-IHI)Ie
I10Ka3aTeiu, KOM6I/IH8.LII/I§I )Ie(l)eKTOB, OIICHKA TCXHUYCCKOI'O COCTOSHUA

BaarogapHocTH. ABTOpHI BEIpaXalOT HCKPEHHIOK0 6J1aronapHocTh Kosuiektiury OO0 UKIT «Meicis» HI'TY 1. HoBouepkac-
CKa 32 MPEJJOCTABICHHYI0 BO3MOYKHOCTb MCIIOJIb30BATh JaHHBIE SKCIIEPTH3bI MPOMBIIUIEHHON 0€30M1aCHOCTH MOLEMHBIX CO-
OpYKSHHH, a TAKKe 3a JOCTYIl K CTATHCTUYECKOM 0a3e JaHHBIX THIIOBBIX MOBPEKICHUN KPaHOB.

Jnsa untupoBanus. XsaH P.B., Koporkuit A.A. KOHTpOJIb TEXHUYECKOTO COCTOSHUS ITOIEMHBIX COOPYKEHUH 1 000py-
JIOBaHWsI C WCIIOJB30BaHMEM MCKYCCTBEHHBIX HEHpOHHBIX cucteM. Advanced Engineering Research (Rostov-on-Don).
2026;26(3):2435. https://doi.org/10.23947/2687-1653-2026-26-3-2435

Introduction. In accordance with the Order of Rostekhnadzor! (Federal Service for Environmental, Technological
and Nuclear Supervision, hereinafter referred to as RTN), rejection criteria have been defined and approved for various
components of lifting structures (hereinafter referred to as LS): undercarriage, brake and rope-pulley systems, supporting
metal structures, as well as bolted and riveted joints. However, the currently accepted methodology requires an isolated
assessment of each damage, independent of the others. Under actual operating conditions, the structural components of
LS are subject to uneven wear, resulting in multiple combinations of destructive factors that can cause a synergistic effect,
significantly reducing the real safety factor compared to the combined effect of isolated defects [1]. An example is the
combination of residual deflection of the span beams, which amounted to 54 mm versus the standard limit of 59.5 mm,
and an increased proportion of operating cycles with a load mass exceeding 0.75Q (5% instead of the 2% specified in the
data report). The cumulative effect of these conditions shortened the safe operational lifetime of the equipment from the
rated 7 years to just 1 year. However, a methodology for quantifying this mutual effect is completely absent from valid
regulatory documents. The current approach does not provide the ability to numerically account for the interference of
dissimilar damage types. This leads to uncertainty when setting the timing of the next technical inspection — resulting
either in excessively frequent inspections or, far more dangerously, in the untimely detection of critical equipment
conditions. This shortcoming is particularly critical when applied to mechanisms that have reached the end of their service
life, since in such cases, even seemingly minor defects, when combined, can trigger catastrophic consequences [2].

An analysis of the data obtained from the study of 50 industrial safety expert reports on overhead cranes of various
types (tower, bridge, gantry, and overhead single-girder), completed in 2024-2025, indicates the systemic nature of the
problems associated with an adequate assessment of the LS technical condition [3]. Among the most common destructive
factors are: accumulation of fatigue damage to metal during cyclic loading (36% of the total volume of registered

violations), non-compliance of the actual distribution of loads with standard passport parameters (25%), wear of elements

! On approval of federal norms and rules in the field of industrial safety “Safety Rules for Hazardous Industrial Facilities Using Lifting Equipment "
Order of Rostekhnadzor dated November 26, 2020, No. 461. (In Russ.) URL: https://www.consultant.ru/document/cons_doc_ LAW_ 373321/ (accessed:
29.06.2026).
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of the rope-pulley system (17%), as well as malfunctions of hydraulic equipment (11%). A systematic phenomenon is the
excess of the established proportion of operating cycles with a load exceeding 0.75Q when operating machines with a
service life of more than 30 years. In the absence of formal damage detected by visual inspection methods, this
circumstance entails a reduction in the designated period of reliable operation to 1-2 years instead of the
potential 3—7 years. In 27% of the cases examined, the safe operating period was limited to 1 year in the absence of
obvious defects in the load-bearing systems of metal structures, which confirms the insufficient representativeness of the
local analysis methodologies used [4].

A study of statistical data on accidents and industrial injuries indicates that the key risk factors are the unsatisfactory
quality of technical maintenance, diagnostics and industrial safety assessment (specified by physical and moral
deterioration of the equipment fleet), the progression of defects due to their untimely detection, as well as gross violations
of industrial and labor discipline [5]. A typical example of such a development is the incident with the KB-515 tower
crane, in which the displacement and subsequent release of a metal pin fixing the boom sections, combined with adverse
weather conditions, caused the coupling assembly to fail and the boom to fall onto the construction site. The immediate
cause of the incident was a combination of interrelated factors: failure of the pin retaining collar, insufficient production
control, and systematic failure of personnel to comply with job instructions. A local assessment of the fastening element
wear without taking into account its interaction with adjacent structural units and without a detailed analysis of the actual
loading conditions of the crane did not allow for a timely prediction of the occurrence of a pre-emergency situation.

An alternative scientific and methodological approach based on the application of fuzzy logic is presented in [6] with
regard to the assessment of the technical condition of port lifting-and-transport equipment. The proposed method is
oriented towards operation under conditions of high uncertainty; however, the scope of its implementation is limited to a
specific type of machines. At the same time, the task of comprehensive simultaneous accounting of heterogeneous damage
to key components of load-lifting machines, including the undercarriage, brake and rope-pulley systems, supporting metal
structures, as well as detachable and nondetachable connections, remains outside the scope of the aforementioned studies.
Private methodological solutions, aimed specifically at forecasting the need for repair interventions based on a set of
diagnosed parameters using artificial neural networks (ANN), have been developed for aviation equipment [7]. However,
their adaptation to the specific operating conditions of lifting structures and to the nomenclature of rejection criteria
regulated by the RTN? has not been carried out to date.

Neural network diagnostic methods are also actively developing in related branches of the mechanical engineering
complex. Thus, in [8], an algorithm for processing diagnostic parameters of aircraft gas turbine units based on multilayer
architectures is presented. In [9], the prospects of integrating ANN for self-diagnostics of internal combustion engines
when the working cylinders are switched off are investigated. The authors [10] analyzed the reliability of a hydraulic
drive using neural network modeling methods. Study [11] proposes a scientifically based solution to improving the quality
of software for technical objects through the use of neural network surrogates. The cited studies convincingly demonstrate
the high efficiency of using neural networks for monitoring complex discrete systems. However, they are not focused on
solving the systemic problem of an integrated assessment of the technical condition of a software system based on a
comparison of the entire spectrum of rejection criteria.

Thus, a scientific review of the relevant literature and a generalization of the results of industrial safety examinations
allow us to state the absence of complex intelligent decision support systems capable of assessing the integral state of the
LS, taking into account the mutual influence of defects of different physical character. Currently, mathematical neural
network models covering the entire spectrum of rejection criteria established by the RTN? and providing a quantitative
determination of the reliability of classification decisions have not been developed. The current practice of assigning
residual life, based on an isolated assessment of damage, does not take into account their synergistic effects, which is
extremely dangerous when operating lifting equipment with significant runtime.

The objective of this work is to develop an intelligent decision support system designed for a comprehensive
assessment of the technical condition of LS based on a set of standard rejection parameters established by the RTN*,

using artificial neural network mechanisms.

2 Ibid. P. 10-11.
3 Ibid. P. 20-21.
4 Ibid. P. 24-25.


https://vestnik-donstu.ru/

Advanced Engineering Research (Rostov-on-Don). 2026;26(3):2435. eISSN 2687-1653

To achieve this goal, the following tasks were solved:

— systematization of rejection indicators of LS components (undercarriage, brake and rope-pulley systems, metal
structures, bolted and riveted joints) in accordance with regulatory requirements and subsequent determination of the
structure of the input parameter vector for neural network analysis;

— development of three topologies of artificial neural networks with different numbers of input neurons (8, 17,
and 29, respectively), providing step-by-step accounting of an expanding range of defects — from local LS elements to
complex load-bearing systems and connections;

— formation of representative training and test samples based on verified industrial safety assessment data prepared by
certified experts, with differentiation of technical condition into three main classes (operable, limitedly operable, marginal);

— conducting training and verification procedures for the developed neural network models with assessment of the
classification accuracy metrics and confidence intervals for accepted recommendations;

— establishment of patterns of effect of the input parameter space dimensionality on the verifiability of the assessment
of the technical condition of the software system, as well as determination of the prospects for integrating the developed
models into expert practice as decision support systems.

Materials and Methods. The initial data for the study included expert reports on the industrial safety of 50 overhead
cranes of various types, prepared by employees of the accredited organization Scientific and Technical Center “Mysl”,
Novocherkassk State Technical University. Each reporting document contains certificates of visual and measurement
inspection of load-bearing metal structures, protocols for adjustment and testing of safety devices, results of static and
dynamic tests, as well as lists of identified defects. Federal norms and regulations® define maximum permissible values
for each diagnostic feature, exceeding which entails the rejection of the structural element or restrictions on subsequent
operation of the equipment. Based on these indicators, the structures of the input layers of three designed artificial neural
network models were formed, containing 8 (x—x3), 17 (x1—x17), and 29 (x1—x29) neurons, respectively.

Visual and measurement control was performed using the following set of devices and tools: 500 mm metal measuring
ruler (scale division 1 mm); vernier caliper of type ShS-1-125 (measuring range up to 125 mm, error + 0.05 mm);
measuring magnifying glasses with 6x and 10x magnification; optical level GEOBOX N7-36 (leveling accuracy
1 mm/m); multifunction welder's gauge UShS-3 (foreign analogue WG1) and Usherov-Marshak gauge (WG3); laser
rangefinder Disto-5M (error +1 mm); feeler gauge set No. 2 (thickness 0.05-1.00 mm); radius measuring templates No. 1
(R 1-6 mm) and No. 3 (R 7-25 mm); Testo 545 luxmeter. The illuminance in the controlled zones was at least 300 Ix,
and the threshold sensitivity of the control was no worse than 0.15 mm. All measuring instruments used had valid
verification certificates.

In accordance with the requirements of the RTN®, the following parameters were assessed: travelling wheel flange
thickness (mm), wheel tread diameter (mm), diameter difference between matching wheels (%), pulley groove
wear (% of the initial radius), drum groove wear depth (mm), hook throat wear (% of the original cross-section height),
and brake drum rim wear (% of its original thickness), friction lining wear (% of thickness), residual deflection of bridge
girders (mm), residual deformation of truss structure members (mm), depth of local dents in tubular elements (mm),
deformation of angle and channel flange legs (mm); number of defective bolts and rivets (pcs.), clearances in joint
connections (mm), depth of corrosion damage to metal structures (mm).

Actual values of the monitored parameters were extracted from visual and measurement inspection reports for each
overhead crane. Based on these, the ratio of the actual indicator to the corresponding maximum permissible level
established by the RTN”, was calculated, expressed as a percentage. For example, for a technical device with a residual
deflection of 54 mm at a regulatory limit of 59.5 mm, the normalized input value was 54/59.5 x 100% = 90.8%. Thus,
29 input features were mathematically generated, varying in the range from 0% (defect was completely absent) to 100%

(critical rejection threshold was reached).

5 Ibid. P. 27-28.
% Ibid. P. 72-73.
7 Ibid. P. 75-78.
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Three industrial safety experts (with at least 10 years of practical experience and valid qualification certificates)
independently assigned each of the 40 data sets to one of three technical condition classes. Their assessments were guided
by the requirements of the RTN® and their current experience: class 1 — operable state (period until next
inspection — 3 years); class 2 — limited operable (period — 1 year); class 3 — marginal state (operation of the technical
device is prohibited). The classification procedure was performed by experts separately. They received the initial
information electronically in Excel spreadsheet format. Any discrepancies in estimates (amounting to less than 10% of
the total sample size) were evaluated through a joint expert discussion followed by consensus agreement [12]. The
consistency of the results obtained was verified using the Kendall concordance coefficient: W= 0.87, p <0.01.

From a total array of 40 data sets, 30 structural units were selected for training and 10 for testing through stratified
random sampling, maintaining a proportional class ratio. Identical training and testing sets with the corresponding
dimensionality of the input parameter vector were used in the study of each of the three proposed architectures [13].

In this research, three multilayer perceptron models were designed using the MLPClassifier class of the Scikit-learn
software library (version 1.0.2). Each of these structures contained three hidden layers of 8 neurons each with a built-in
ReLU activation function, as well as an output layer consisting of 3 neurons with a Softmax function.

The first model (Fig. 1) is characterized by the presence of an input layer consisting of 8 neurons that correspond to the key

rejection characteristics of the undercarriage [14], the braking and rope-pulley systems, as well as the load hook (x1—xg).

W78
‘\\"V N ¥
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R
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Rejection )\\\:\\‘3‘@"’:{“
indicators W7 Operable state — operation permitted
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’”‘%‘V is prohibited
2111
%

0.0,

Fig. 1. ANN for assessing LS technical condition by combination rejection indicators of LS elements

The second model (Fig. 2) has an input layer of 17 neurons, including, except xi—xs, an additional 9 neurons for
rejection indicators of load-bearing metal structures (xo—x17).

Rejection
indicators

of LS elements Operable state — operation permitted

for 3 years

Operable state — operation permitted
for 1 year

Reached marginal state — operation

BBy S F /
Rejection indicators @ is prohibited

of LS metal
structures

Fig. 2. ANN for monitoring LS technical condition considering LS components and metal structures

The third model (Fig. 3) contains an input layer of 29 neurons corresponding to all rejection indicators xi—xo,
including defects in bolted and riveted connections.

8 Ibid. P. 79-80.
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A @ is prohibited

Rejection indicators
of LS bolted
and riveted elements

Fig. 3. ANN for assessing LS technical condition considering a combination of 29 different defects

The initial weights are initialized randomly (the random_state parameter =42 for reproducibility). The programming
language is Python 3.9. The main libraries are pandas (1.4.0) and openpyxl (3.0.9) for working with Excel, sklearn (1.0.2)
for building and training models. The input data are normalized to the range [0, 1] using the MinMaxScaler method. Training
parameters: optimizer — Adam; learning rate — 0.001 (default); number of epochs — 2000; mini-batch size — 10
(corresponding to the training sample size). Training was performed on a personal computer with an Intel Core 17-10750H
processor (2.6 GHz), 16 GB RAM, and Windows 10 Pro OS. The training time for each model was less than 5 seconds.

Research Results. The training data was loaded from an Excel file whose structure met the specified requirements (Table 1).

Table 1
ANN Training Samples (partially presented) (x1—xg)

Item No. X1 X2 X3 X4 Xs X6 X7 X8 y
1 15 32 0 0 22 0 0 0 1
2 31 19 0 61 0 3 0 23 2
3 0 39 0 28 0 0 32 12 2
4 0 0 0 0 9 4 0 0 1
5 79 16 21 16 0 0 0 60 2
6 0 13 0 0 5 0 25 0 1
7 21 33 45 17 0 40 0 0 2
8 70 0 67 0 0 8 0 84 3
9 0 0 15 0 0 0 0 0 1

10 81 0 0 0 0 75 0 0 2
30 45 10 75 0 20 0 0 1 2

The result of the ANN operation is a correctly determined technical condition of the LS [15]. The criterion of
correctness in this case is the opinion of a group of experts and specialists in assessing the compliance of lifting structures
with industrial safety requirements. Table 2 presents the activation levels of each of the three neurons of the output layer.
The activation level of a neuron in the output layer reflects the degree of confidence of the ANN in determining the
technical condition of the LS [16]. The sum of the activations of the three neurons is one. The neuron with the highest

activation level is considered the “winner”, which determines the final technical condition of the LS determined
by the ANN [17].

Machine Building and Machine Science
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Table 2
Activation Levels of Neurons in Output Layer (x1—xs)
. LS State — 1 LS State —2 LS State — 3
Sample (test) | LS State —Target | LS State — Exit (confidence level) | (confidence level) | (confidence level)
1 2 2 0.22 0.52 0.26
2 2 2 0.42 0.54 0.04
3 1 1 0.67 0.21 0.12
4 2 2 0.11 0.73 0.16
5 3 3 0.07 0.23 0.70
6 2 2 0.14 0.53 0.33
7 1 1 0.65 0.21 0.14
8 2 2 0.41 0.53 0.06
9 1 1 0.80 0.11 0.09
10 1 1 0.61 0.28 0.11

In the test samples, the target value of the technical condition was predetermined by an expert method. The ANN
correctly specified the technical condition of the LS [18] in each test sample. The average confidence level for determining
the technical condition of the LS was 0.628.

Table 3 presents 30 training samples for nine neurons corresponding to the rejection parameters of LS metal structures
(xo—x17 from Table 1). When training the neural network, these samples were added to the samples from Table 1. That is,
the network was retrained with the inclusion of additional parameters.

Table 3
ANN Training Samples (partially presented) (xo—x17)

Item No. X9 X10 X11 X12 X13 X14 X15 X16 X17 y
1 18 0 0 29 0 20 0 1
2 0 0 14 5 20 33 0 14 5 2
3 0 0 16 0 0 0 0 26 0 2
4 0 14 16 0 7 0 13 16 0 1
5 0 0 35 49 0 0 0 35 49 3
6 0 0 0 32 0 0 0 0 32 1
7 12 0 0 0 0 16 0 0 0 2
8 0 5 0 34 0 12 23 0 34 2
9 0 0 4 35 0 0 8 4 35 1
10 52 0 57 15 60 0 24 57 15 3
30 0 0 0 55 0 12 0 0 55 2

The newly trained ANN was then checked on test samples. However, additional parameters were also included in the
input layer of the test samples, as shown in Figure 2. Confidence levels for assessing the technical condition of the LS are
listed in Table 4.

Table 4
Activation Levels of Neurons in ANN Output Layer (xo—x17)
Sample . LS State — 1 LS State — 2 LS State — 3
LS State — T t LS State — Exit
(test) S State — Targe S State — Exi (confidence level) | (confidence level) | (confidence level)
1 2 2 0.18 0.58 0.24
2 2 2 0.33 0.64 0.03
3 1 1 0.69 0.21 0.10
4 2 2 0.10 0.72 0.18
5 3 3 0.06 0.23 0.71
6 3 3 0.09 0.3 0.61
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7 1 1 0.65 0.21 0.14
8 2 2 0.41 0.53 0.06
9 1 1 0.86 0.1 0.04
10 2 2 0.37 0.59 0.04

The ANN, which was augmented with nine neurons responsible for defects in the supporting metal structures of the
LS, also correctly assessed the technical condition in each of the test samples, with the confidence level increasing
from 0.628 to 0.658.

To test the ANN, whose model is shown in Figure 3, additional 30 training samples were prepared (Table 5). These
samples included rejection indicators for the bolted and riveted elements of the LS.

Table 5
ANN Training Samples (partially presented) (x1s—x29)
Item No. | x18 X19 X20 X21 X2 X2 X24 X25 X26 X27 X28 X29 y
1 0 5 0 26 0 0 10 0 0 0 0 0 1
2 0 0 0 0 0 0 0 24 0 6 5 0 2
3 0 0 50 0 0 0 0 0 0 0 0 0 2
4 48 0 0 0 73 0 0 0 0 0 23 0 2
5 57 0 0 0 0 0 0 0 0 0 0 22 3
6 0 14 17 0 0 0 39 0 10 28 0 0 1
7 0 0 23 0 0 0 0 0 0 0 0 0 2
8 0 0 17 0 0 11 0 0 84 0 0 11 3
9 0 32 2 0 1 0 6 0 0 0 14 0 1
10 92 0 0 0 0 33 19 0 0 21 0 13 3
30 0 0 5 0 0 0 15 0 0 10 5 0 2
Confidence levels for assessing the technical condition of the LS are included in Table 6.
Table 6
Activation Levels of Neurons in ANN Output Layer (x13—x29)
Sample (test) LS State - Target LS State — Exit (col;lfs“ldsetz::eezei/el) (col;lfs“ldsetzieezeiel) (col;lfs“ldsetzieezeiel)

1 3 3 0.11 0.30 0.59

2 2 2 0.26 0.72 0.02

3 1 1 0.65 0.26 0.09

4 2 2 0.10 0.78 0.12

5 3 3 0.06 0.23 0.71

6 3 3 0.02 0.26 0.72

7 1 1 0.63 0.24 0.13

8 2 2 0.39 0.56 0.05

9 1 1 0.90 0.09 0.01

10 1 1 0.79 0.11 0.10

As aresult of applying the artificial neural network shown in Figure 3, it is found that the model correctly determines
the technical condition of lifting structures in 100% of cases. The average confidence level for assessing the technical
condition of the LS grew from 0.628 to 0.705 for the current model. This indicates an increase in the accuracy and
reliability of forecasts, which is an important indicator of the efficiency of the developed system [19].

Machine Building and Machine Science
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The output layer of the trained neural networks uses the softmax activation function. For each of the three classes, the
model confidence level k is calculated as: p<sub>k</sub> = exp(z<sub>k</sub>) / X<sub>j=1..3</sub>
exp(z<sub>j</sub>), where: p<sub>k</sub> — confidence level (normalized probability) that the state belongs to class
k; exp(z<sub>k</sub>) — exponential of z<sub>k</sub>; z<sub>k</sub> — weighted sum of signals coming from the
last hidden layer to the output neuron k; X<sub>j=1..3</sub> exp(z<sub>j</sub>) — sum of the exponentials for all three
classes (normalization coefficient). Values p<sub>k</sub> for the test examples are given in Tables 3, 5 and 7.
Specifically, for test example #5 (model with 29 inputs, Table 7), values z<sub>k</sub> before normalization were:
z<sub>1</sub>=0.82 (class 1), z<sub>2</sub>=1.15 (class 2), z<sub>3</sub>=1.95 (class 3). After applying softmax,
the confidence levels obtained were p<sub>1</sub> = 0.06, p<sub>2</sub> = 0.23, p<sub>3</sub> = 0.71. Thus, there
is a quantitative relationship between the combination of input rejection parameters and the activation levels of output
neurons, determined by the network architecture and its trained weights. For this example, the highest activation
(p<sub>3</sub> = 0.70) corresponds to class 3, which is consistent with the expert opinion. The effect of the number of
neural network input parameters, including defects in the rope-pulley and braking systems, undercarriage, metal
structures, and bolted connections, on the reliability levels of determining the technical condition of lifting structures is
identified. A numerical relationship is established between the activation levels of artificial neural networks and the
technical condition of lifting structures based on combinations of rejection indicators expressed as a percentage of the
permissible damage level. The operation of artificial neural networks results in the correct determination of the technical
condition of lifting structures, confirmed by industrial safety experts [20].

Discussion. The increase in the number of input parameters from 8 to 29 is accompanied by a growth of the
classification confidence level. The largest contribution to this increase comes from the parameters of the metal structures
(x9—x17). This is likely due to the physical nature of the defects in this group. Unlike localized damage to the undercarriage
or rope-pulley system, which are typically corrected during routine repairs, residual deflections and deformations of the
supporting metal structures reflect systemic changes that reduce the overall load-bearing capacity of the structure. It is
the combination of localized wear and systemic deformations that serves as a marker for the transition from class 1 to
class 2. Bolted and riveted joint parameters, which provide an additional, albeit smaller, boost in confidence, allow the
network to identify joint weaknesses characteristic of the ultimate limit state (class 3). A comparison with literature data
shows that the results obtained are consistent with studies on the application of machine learning in the diagnostics of
technical systems. These studies indicate that increasing the number of parameters considered improves the accuracy of
predictions. However, unlike approaches that simulate individual physical processes, the proposed model evaluates the
integral state based on a set of rejection indicators. This makes it applicable with limited information on actual operating
conditions, which constitutes its advantage over methods that require detailed loading data [21]. In addition to the physical
nature of the defects, the model results are affected by correlations between the input parameters. The residual deflection
of the superstructure (x9) correlates with the deformation of the angle flange (x16), since both parameters reflect the overall
reduction in the rigidity of the metal structure. Similarly, wear of the travelling wheel flange surface (x;) and wear of the
wheel tread (x») often occur together. Such correlations are not a drawback of the method, as neural networks are robust
to multicollinearity — they can redistribute weights between correlated features without losing predictive power.
However, the presence of correlations can cause an overestimation of the significance of a group of interrelated features.
Adding parameters from different groups primarily introduces new, uncorrelated information, which explains the
increased confidence of the model. The practical results of the study include the development and training of three ANNs
with different numbers of input neurons: the first ANN contains 8 input neurons and shows a test accuracy of 100% with
a test sample size of 10 examples and an average confidence level of 0.628. The basic limitation of the study is a small
amount of available expert data (30 samples). With such a volume, a statement of 100% accuracy on the test sample
cannot be considered statistically reliable. Cross-validation results (average accuracy of 0.89, standard deviation of 0.07)
provide a more realistic estimate. The cross-validation results (mean accuracy 0.89, standard deviation 0.07) provide a
more realistic estimate. Therefore, the presented conclusions are preliminary. The increase in the average model
confidence from 0.628 (8 inputs) to 0.658 (17 inputs), and then to 0.705 (29 inputs) is due to the following factors. First,
defects in metal structures (residual deflections, rod deformations, local dents) and defects in bolted and riveted
connections (tension weakening, corrosion, cracks) contain information partially independent of defects in the
undercarriage and rope-and-pulley system. This allows the neural network to identify combinations in which, for example,
minor wear of the travelling wheels (less than 30% of the rejection value) in combination with noticeable residual
deflection of the metal structure (more than 50% of the limit value) may indicate the need to reduce the time between
repairs (class 2), whereas each of these defects separately could be classified as operable (class 1). Secondly, increasing
the dimensionality of the input space with a fixed training set size (30 samples) typically raises the risk of overfitting.
However, in this case, the increase in confidence indicates that the added parameters indeed contain information relevant
to classification and do not constitute noise [22]. Thirdly, the rejection indicators of metal structures and connections are
normalized as a percentage of the limit values, which allows the network to take into account different types of defects
with comparable significance, regardless of their physical nature.
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Conclusion. In the course of research, three artificial neural network models were developed and tested for a
comprehensive assessment of the technical condition of lifting structures based on rejection criteria established by federal
industrial safety standards and regulations. The research results enabled the following tasks to be solved.

1. Twenty-nine rejection indicators for lifting structures have been systematized in accordance with the RTN®. The
indicators are structured into three groups: defects in the undercarriage, brake, and rope-pulley systems (x;—xs); load-
bearing metal structures (xo—xi7); and bolted and riveted joints (x1s—x29). These indicators serve as the basis for defining
input data structures for neural network models.

2. Three multilayer perceptron models have been developed and trained with the same hidden layer architecture (three
layers of eight neurons) and input layers of 8, 17, and 29 neurons, respectively. All models have an output layer of three
neurons, corresponding to three technical condition classes.

3. Training (30 examples) and test (10 examples) samples were generated based on 40 expert sets of defects classified
by three independent experts.

4. The developed models were trained and tested. All three models showed 100% classification accuracy on the test set.

5.1t has been established that an increase in the number of input parameters raises the confidence level of
classification, which indicates the importance of taking into account combinations of defects of various elements of the
lifting structure.

The results are preliminary and demonstrate the fundamental feasibility of using a neural network approach for
comprehensive LS assessment. Implementation into practical applications requires expanding the training sample to
several hundred real expert opinions and conducting validation on an independent dataset.
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3asnenennslit 6K1a0 A6MOPOB:

P.B. XBan: pa3paboTka METOAOJIOTHH, aAMHUHHCTPAaTHBHOE pPYKOBOJACTBO HCCIEIOBATEIBCKUM IPOCKTOM,
NIPOBEJICHUE HCCJIEOBaHUs, HAlMCaHWUE PYKOIMCH, BU3yaiaM3alusi, (OPMaJIBHBIA aHANN3, BAIMIALMS PE3yJIbTATOB,
KypHUpOBaHHE JAHHBIX, HAIILICAHUE YEPHOBUKA PYKOIHCH.

A.A. KopoTkmii: pa3zpaboTKa KOHLEIINH, HAyYHOE PYKOBOACTBO.

Kongnuxkm unmepecog: aBTopsbl 3asiBIAIOT 00 OTCYTCTBHH KOH()JIMKTA HHTEPECOB.
Bce asmopbut npouumanu u 0000punu 0KOH4YamenbHblil 6APUAHM PYKONUCHU.

Jexnapayus HH: aBTOpHI 3asABISIIOT, YTO TPH MOATOTOBKE pyKomucH «KOHTPOIF TEXHWYECKOTO COCTOSHHUS
ITOTBEMHBIX COOPY>KEHHIA 1 000pyTOBaHHUS C NCTIOIF30BAaHUEM HCKYCCTBEHHBIX HEHPOHHBIX CHCTEM» HE UCTIONIB30BAINCH
TEXHOJIOTUH TeHEPAaTUBHOIO MCKyccTBeHHOro mHTeimekTa (M), UM He sBiseTcs COaBTOPOM ITyOJHKAIMN: aBTOPCTBO
IIPUCBOCHO TOJIFKO (PU3MUYECKUM JIMIIaM, BHECIINM CYIIECTBCHHBIN WHTEIUICKTYaJIbHBII BKJIAJ B UCCIICTOBaHHE.
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