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Abstract

The problem of predicting the residual resource of tribocouplings of resource-determining parts of automotive and agricultural machinery under conditions of operational change of the dominant wear mechanism is considered. It is shown that in real operating conditions the wear mechanism does not remain static: degradation of lubricants, change of load-speed regimes and variability of soil conditions cause a transition from a regular mechanism to an emergency one, which is accompanied by a sharp reduction in the residual resource of machine parts. A two-stage system for identifying the change in the dominant wear mechanism is proposed, combining a classifier based on long short-term memory with an entropy transition detector, which develops an entropy approach to the analysis of tribosystems. The data set is formed on the basis of a modified Archard model with five calibrated coefficients for different lubrication modes and a Palmgren-Miner model in the form of an endurance curve with realistic values of the basic number of cycles 108 ...109 for different materials of tribocoupling parts. Validation on eight scenarios of transition between wear mechanisms demonstrated reliable detection of the change in the dominant mechanism, the warning time for reaching a critical state of 229…593 hours for automotive parts and 13…21 hours for agricultural parts, which is 5.6…7.1% of the total resource and is sufficient for planning maintenance of machines.
Key words: parts life, wear, tribocoupling, change in wear mechanism, entropy transition detector, artificial neural network, condition-based maintenance. 

Introduction

Forecasting the residual life of tribocouplings of resource-determining parts of automotive and agricultural machinery is a fundamental task of ensuring the reliability of machines. In the classical formulation, this task is based on the assumption of constancy of operating conditions and staticity of the dominant wear mechanism of the part. Accordingly, the life of the part is considered as a deterministic indicator determined by the parameters of the tribotechnical contact and the operating modes of the tribocoupling [1, 2].
However, many years of experimental studies of tribological processes in tribocouplings of automotive equipment have shown that the real dynamics of wear is significantly more complicated. Crankshaft bearings of internal combustion engines in normal operation operate in the hydrodynamic lubrication mode, in which the working antifriction layer (babbitt B83 with a hardness of HV 22…30 or bronze BrO10S10 with HV 75…90) is mainly subjected to fatigue contact wear. However, the degradation of lubricants – a decrease in the viscosity of motor oil below critical values, contamination with wear products, oxidation – leads to the transition of tribocontact to the boundary lubrication mode. In the boundary mode, the adhesive wear mechanism becomes dominant , which ends with bearing seizure tens of hours from the moment of transition. Engine cylinder liners (SCh25, HV 400) are subject to corrosive and mechanical wear, but the use of fuel with a high sulfur content intensifies the corrosive component and changes the balance of mechanisms. Gears of gearboxes (steel 40X, HV 550) are subject to normal fatigue damage of the teeth, but systematic overloads or lack of lubrication transfer the tribocontact to the seizure mode, i.e. adhesive wear with emergency failure.
For the working bodies of agricultural machinery, the situation is even more complicated due to the openness of the tribosystem and direct interaction with the abrasive soil environment. The intensity of abrasive-soil wear of plowshares (steel 65G, HV 380), harrow discs and cultivator paws depends on the sandiness , humidity and stonyness of the soil in a nonlinear manner. Changing the type of soil even within one field, for example, the transition from black soil to a plot with stony inclusions - can lead to a change in the abrasive-soil mechanism to an impact-abrasive one, which significantly reduces the resource of the plowshare from 300 to 80 hours.
This indicates the absence of methods for predicting the service life of machine parts that take into account the dynamic change of the dominant wear mechanism over time. Classical deterministic service life models are fundamentally unable to describe situations when, within one operational cycle, the tribosystem loses thermodynamic stability and enters a new wear regime with a sharply different intensity.

Literature review

Studies of tribological processes in the details of automotive and agricultural machinery are actively developing in the works of domestic scientists [3, 4, 5, 6]. In particular, in works [3, 4], the parameters of the lubrication process during operational wear of crankshaft bearings and the patterns of interaction of the working bodies of soil-tillage machines with the soil environment were studied in detail. In work [5], the tribological processes of interaction of the soil environment with the working bodies of soil-tillage and earth-moving machines reinforced with composite materials were considered. In work [6], the influence of technological parameters of strengthening on the wear resistance of steel 45, which is widely used in the manufacture of working bodies of agricultural machines, is shown. The theoretical basis for understanding the nature of transitions between wear mechanisms can be the entropic approach to the analysis of tribological systems, developed in works [7, 8]. The change in the characteristics of the friction zones of the mating parts can be identified through the analysis of entropy production. The loss of thermodynamic stability of the tribological system is accompanied by an increase in entropy, which is a physical sign of a change in the wear regime. The fundamental limitation of traditional entropic analysis is the need for direct measurement of the thermodynamic parameters of the tribological contact, which in real operating conditions is a difficult technical task. In works [9, 10, 11], complex approaches to tribotechnical diagnostics and energy interpretation of the wear processes of tribosystems have been developed. In works [12, 13, 14], methods of computational prediction of contact wear resistance and durability of tribocouplings have been considered. Classical wear maps [17] showed the dependence of the dominant mechanism on the load and sliding speed. At the same time, these maps are static and do not take into account the dynamics of changes in the operating conditions of tribocouplings of machine parts over time. With the development of the theory of artificial neural networks and the accumulation of computing resources, a fundamental opportunity has appeared to process multidimensional time series of mediated sensor data (temperature, pressure, vibration, acoustic emission, oil analysis) and to identify patterns related to the state of tribosystems. The work [19] demonstrated the significant potential of machine learning methods for tribological tasks – wear prediction, optimization of material selection, analysis of lubrication modes. In particular, recurrent neural networks of the long short-term memory type [18] are able to model the dynamics of tribological processes in time, revealing nonlinear dependencies between tribological contact parameters and the state of wear. This makes the neural network approach a natural tool for the practical implementation of entropic principles of tribological systems analysis in systems for technical maintenance of machine parts mating by state. It should be noted that the vast majority of studies using machine learning in tribology focus on static prediction of wear intensity or classification of defect type from vibration signals, rather than on dynamic identification of changes in the dominant wear mechanism. Existing expert systems for mechanism classification based on formalized rules provide 92% accuracy for a single static identification, but they are unable to track the dynamics of the transition over time. This creates a critical research gap: an approach is needed that integrates physically based wear models (Archard, Palmgren-Miner, abrasive-soil wear) with neural network tools for tracking the transition between wear mechanisms in real time.

Purpose 

The aim of the research is to develop and validate a system for predicting the residual life of tribocouplings of machine parts based on the dynamics of changes in the dominant wear mechanism, which combines a classifier based on long short-term memory with an entropy transition detector for the practical implementation of the entropy approach to analyzing the functioning of tribosystems.
To achieve the set goal, the following tasks are solved:
– to systematize typical scenarios of transition between wear mechanisms for the main tribocouplings of automotive (crankshaft bearings , cylinder liners, piston rings, gearbox gears) and agricultural machinery (plough shares, harrow discs, cultivator tines, chopper knives) with tribological justification of the physical causes of each transition;
– based on the modified Archard model with calibrated coefficients for different lubrication modes, the Palmgren-Miner model in the form of an endurance curve, and the abrasive-soil wear model, form a data set that reflects the dynamics of tribotechnical contact of parts during the transition between wear mechanisms;
– develop the architecture of a neural network classifier of the dominant wear mechanism and an entropy transition detector as an information analogue of the physical entropy of production in a tribosystem;
– to validate the developed approach for eight scenarios of transition between wear mechanisms with an assessment of classification accuracy, error in determining the transition moment, and warning time of reaching a critical state of the part;
– to determine ways of practical integration of the developed system with on-board technical diagnostics systems of machines.

Results

Research objects and physical models of wear. Eight types of resource-determining parts (Table 1) were selected as research objects, covering the main tribocouplings of the engine, transmission, and working bodies of agricultural machinery.
Table 1
Characteristics of the studied part-wear mechanism combinations
	Detail
	Node
	Material
	HV
	Ra, μm
	Regular mechanism
	Resource, hours

	Piston rings
	Internal combustion engine
	Cast iron HF
	305
	1.4
	Abrasive
	3000...5000

	Crankshaft bearings
	Crankshaft Internal combustion engine
	Babbitt B83 / Bronze BrO10S10 ( working layer )
	30...90
	0.8
	Tired
	5000...8000

	Gearboxes
	Transmission
	Steel 40X
	550
	0.55
	Tired
	8000...12000

	Cylinder liners
	Internal combustion engine
	SCH25
	400
	1.0
	Corrosion-mechanics.
	4000...6000

	Plow shares
	Plow
	Steel 65G
	380
	2.5
	Abrasive soil
	150...400

	Harrow discs
	Harrow
	Steel 65G
	420
	2.0
	Abrasive soil
	2000...500

	Cultivator tines
	Cultivator
	Steel 45
	350
	1.8
	Abrasive
	100...300

	Shredder knives
	Shredder
	30KhGSA
	480
	1.2
	Impact-abrasive
	200...600



The choice of objects is due to their critical impact on the overall reliability of tribocouplings of parts and the need to cover the main wear mechanisms: abrasive, fatigue, corrosion-mechanical, adhesive and abrasive-soil. Unlike previous studies, for crankshaft bearings, the hardness is specified specifically for the working antifriction layer, and not for the steel base of the liner, since the tribological contact is determined by the properties of the working layer. Based on operational experience and tribological studies, eight typical scenarios of transition between wear mechanisms have been systematized, each of which corresponds to a real operational situation: S1 – crankshaft bearing, transition of wear mechanism: fatigue → adhesive (degradation of engine oil after overrun without replacement); S2 – crankshaft bearing, transition of wear mechanism: fatigue → abrasive (contamination of oil with wear products due to filter failure); S3 – cylinder liner, transition of wear mechanism: corrosion-mechanical → abrasive (increased sulfur content in diesel fuel); S4 – gearbox gear, transition of wear mechanism: fatigue → adhesive (systematic overload of the unit); S5 – piston rings, transition of wear mechanism: abrasive → corrosion-mechanical (engine overheating due to cooling system failure); S6 – plow share, transition of wear mechanism: abrasive-soil → impact-abrasive (hitting a rocky area of the field); S7 – harrow disc, transition of wear mechanism: abrasive-soil → abrasive (sharp decrease in soil moisture during the dry period); S8 – cultivator paw, transition of wear mechanism: abrasive → corrosion-mechanical (working in acidic soils of Polissya).
The quantitative description of the wear intensity for each mechanism is based on classical tribological models adapted to the specific operating conditions of the studied parts. For abrasive wear, a modified Archard model in the form of specific linear wear was used:

			(1)








where W – linear wear, mm; P – contact pressure, MPa; H – hardness of the part material, MPa; – sliding speed, m/s; t – operating time, h; – dimensionless correction function of the influence of the concentration of contaminants and temperature in the tribocontact. The calibrated values of the coefficient reflect the physical features of different lubrication modes: – for normally lubricated contact (fatigue wear); – for boundary lubrication (abrasive mechanism); – for corrosion-mechanical; – for adhesive mode and – for abrasive-soil wear. The increase by four orders of magnitude during the transition from the standard to the emergency mode reflects the fundamental nature of the tribological transition.
For fatigue wear, the Palmgren-Miner model was used in the form of a material endurance curve, which is a classic approach to calculating accumulated fatigue damage:
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where is the degree of accumulated damage ( corresponds to the limit state of failure);  – the number of loading cycles with amplitude ; – the number of cycles to failure at the corresponding stress; – the endurance limit of the material; m – the degree index of the endurance curve. Calibrated parameters for the studied materials: steel 40X (gearboxes) – cycles,  MPa, ; bronze BrO10S10 (crankshaft bearings) – cycles, MPa , ; cast iron SCh25 (cylinder liners) – cycles,  MPa, . The physical adequacy of the model is confirmed by the correspondence of the calculated resource to the real one: at a rotational frequency  and operating stress close to the endurance limit, the model predicts a gear resource of about 10,000 hours (tooth loading cycles), which is consistent with operational data.
For abrasive-soil wear of working parts of agricultural machinery, the following model was used:
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where  – the basic coefficient of soil abrasiveness, calibrated for loamy soils of the central regions of Ukraine;  – the hardness of quartz particles of the soil (~800 HV );  – the hardness of the part material;  – the area of contact with the soil environment; L – the friction path;  – the function of the influence of humidity ν, the average size of abrasive particles and the mechanical strength of the soil .

Based on the described physical models, a data set of 4000 time series (500 for each of the eight scenarios) was formed, the length of the series is 100 time points. Each point is described by a vector of 14 tribotechnical contact parameters: hardness, roughness, friction coefficient, geometric characteristics of the contact spot, contact load, sliding speed, temperature, viscosity of the lubricating medium, concentration of contaminants, number of load cycles, cumulative wear, and for the working bodies of agricultural machinery additionally - sandiness and soil moisture. The stochastic component (coefficient of variation 8…16% for automotive parts and 18…32% for agricultural parts) reflects the real variability of operating conditions. System for identifying changes in the wear mechanism. The proposed system consists of two sequential stages of processing tribocontact sensor data. The first stage is dynamic classification of the current dominant wear mechanism. Unlike expert systems with static classification by fixed parameters, the proposed classifier analyzes a sliding window of 15 consecutive time points of operational parameters and at each step determines the probability distribution of the five main wear mechanisms: , where the sum of the probabilities is equal to one. The classifier is implemented on the basis of a recurrent neural network with a long short-term memory - an architecture that has proven itself well in processing time series with nonlinear dynamics [18]. The total number of model parameters is ~ 34,000, which allows deployment on standard on-board controllers of equipment without the need for cloud computing infrastructure.
The second stage is the entropy detector of the transition between wear mechanisms. This stage directly implements the idea of the entropy approach to the analysis of tribosystems [7, 8] in a practical computational form. The key physical idea is as follows: when the tribosystem is in a steady state with one dominant wear mechanism, the classifier detects this mechanism with high confidence (one of the probabilities is close to unity, the others are close to zero). The information entropy of such a distribution, calculated by the Shannon formula, is close to zero. When the transition between mechanisms begins in the tribosystem – the surface layer degrades, new wear products are formed, the lubrication regime changes – the class probabilities "blur", and the information entropy increases:

.					(4)

It is fundamentally important that the increase in information entropy  calculated at the output of the neural network classifier corresponds in physical content to the increase in the production of thermodynamic entropy in the friction zone [7]. Thus, the entropy transition detector is an information analogue of the physical process of loss of thermodynamic stability of the tribosystem, described in the works [8, 20]. This is not a formal analogy, but a meaningful reflection of the tribological phenomenon in the space of mediated sensory measurements.








The transition between wear mechanisms is recorded when the smoothed entropy , calculated as a moving average over 5 steps, exceeds a threshold level  for  consecutive steps. Experimentally it is determined that at characteristic levels noise sensory data typical peak value informational entropy in zones transition between mechanisms is . Accordingly thresholds are accepted: ,  steps for automotive parts; ,  steps for working parts of agricultural machinery. The lower threshold for these parts is compensated by a longer confirmation time to avoid false alarms due to natural variability in soil conditions.
The results of system validation on eight scenarios of transition between wear mechanisms are given in Table 2. For each scenario, three key indicators were evaluated: the accuracy of classification of the current dominant mechanism, the accuracy of determining the transition moment, and the warning time of reaching a critical state of the part.
Table 2
Results of validation of the resource forecasting system
	No.
	Detail (type of equipment)
	Precision classifications
	Error moment transition, steps
	Warning time ( hour )
	Warning time, % of resource

	S1
	Crankshaft bearing (auto)
	0.99
	1.9
	437...461
	6.7...7.1%

	S2
	Crankshaft bearing (auto)
	0.99
	1.5
	365
	5.6%

	S3
	Cylinder liner (auto)
	0.99
	1.3
	337
	6.7%

	S4
	Transmission gear (auto)
	0.99
	0.8
	593
	5.9%

	S5
	Piston rings (auto)
	0.99
	1.1
	229
	5.7%

	S6
	Plow share (agricultural)
	0.99
	1.0
	16
	6.2%

	S7
	Harrow disc (agricultural)
	0.98
	1.5
	21
	6.0%

	S8
	Cultivator paw (s/g)
	0.98
	2.0
	13
	6.7%



A graphical comparison of warning times (Fig. 1) clearly demonstrates the fundamental difference between automotive and agricultural parts: for automotive equipment, the warning time is measured in hundreds of hours (229…593 h), while for the working parts of agricultural machinery – in tens of hours (13…21 h), which reflects the difference in the overall resource and wear dynamics of open and closed tribosystems.
[image: C:\Users\erm-14\Downloads\ChatGPT Image 24 трав. 2026 р., 11_39_40.jpg]
Fig. 1. Warning time of reaching a critical state of a part for eight scenarios of transition between wear mechanisms

The low error in determining the transition moment (0.8…2.0 time steps) has an important tribotechnical meaning: it shows that the entropy detector is triggered precisely at the moment when the tribosystem loses stability and a new dominant mechanism begins to form. This confirms the physical adequacy of using information entropy as an analogue of the thermodynamic entropy of production in the friction zone [7].
The warning time for a critical condition of a part is the most practically significant indicator for maintenance systems. For automotive parts, the warning time is 229…593 hours, which corresponds to the interval before a scheduled technical inspection in the conditions of a motor transport enterprise. For working bodies of agricultural machines, the warning time is 13…21 hours - this is a sufficient interval for making a decision on replacing the part or switching to a gentle mode of operation within the current agricultural operation. As a percentage of the total resource of the part, the warning time is agreed to be 5.6…7.1% for all eight scenarios, which is equal to the generally accepted standard for planning maintenance by condition.
As can be seen from Fig. 2, the accuracy of the classification of the dominant wear mechanism remains consistently high (0.98…0.99) for all scenarios, while the error in determining the transition moment does not exceed 2.0 time steps. The smallest error (0.8 steps) was recorded for the gearbox gear (S4), which is explained by a clearly pronounced change in tribotechnical characteristics during the transition from fatigue to adhesive wear.
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Fig. 2. Accuracy of classification of the dominant wear mechanism and error in determining the transition moment for eight validation scenarios

Tribotechnical interpretation of scenarios. The longest absolute warning time was obtained for the gearbox gear (593 hours for scenario S4, transition of the wear mechanism “fatigue → adhesive ”) – this is physically justified, since the transition from fatigue to adhesive wear of the teeth occurs gradually due to the accumulation of microdamages of the contact surface with the subsequent catastrophic development of seizing. The shortest absolute warning time – for the cultivator paw (13 hours for scenario S8) – also corresponds to real dynamics: the effect of acidic soil on steel 45 triggers corrosive-mechanical wear, which under conditions of an open tribosystem develops faster than in closed tribocouplings of the engine. Scenario S6 (plow share, hitting a rocky area) demonstrates that even for sudden transitions in the wear mechanism, the entropy detector detects the change with a delay of only 1.0 step, which is sufficient for the machine operator to react promptly.
Connection with traditional entropic analysis of tribosystems. The proposed approach is a practical implementation of the entropic method of tribosystem analysis, theoretically substantiated in the works [7, 8, 18]. The fundamental advantage is that instead of direct measurement of thermodynamic parameters of the friction zone – which is often impossible in operational conditions – the information entropy of the probability distribution of wear mechanisms is used, calculated from indirect sensor data. This allows implementing entropic monitoring of tribosystems as part of on-board technical diagnostics systems of transport and agricultural machines using standard sensor buses – CAN-bus for cars, ISOBUS for agricultural machinery.
The possibility of using neural networks in tribological forecasting. The results obtained confirm that modern recurrent neural networks are able to detect systemic patterns of changes in the state of tribocontact with sufficient accuracy for practical application. This fundamentally expands the possibilities of tribological diagnostics: if traditional methods provide an integral assessment of the wear intensity for a certain period, then the neural network approach provides continuous tracking of the dynamics of wear mechanisms with the detection of transitions at the moment of their formation. The combination of a classifier with an entropy transition detector integrates two lines of research – physical modeling of tribological processes and neural network processing of sensor data – into a single system that has a theoretical justification within the thermodynamics of non-equilibrium processes [8, 20].

Conclusions

1. Eight typical scenarios of transition between wear mechanisms for resource-determining parts of automotive (crankshaft bearings, cylinder liners, piston rings, gearbox gears) and agricultural machinery (plough shares, harrow discs, cultivator tines) are systematized, each of which is tied to a specific operational situation with tribotechnical justification of the physical reasons for the transition of the wear mechanism and a quantitative assessment of the impact on the residual resource.
2. A two-stage system for identifying changes in the dominant wear mechanism has been developed based on a combination of a classifier with a long short-term memory and an entropy transition detector. The proposed approach is a practical implementation of the entropy method for analyzing tribosystems [7, 8] in a form suitable for implementation in on-board technical diagnostic systems.
3. Validation on eight scenarios of transition between wear mechanisms showed reliable detection of a change in the dominant mechanism (classification accuracy 0.98…0.99) with a low error in determining the transition moment (0.8…2.0 time steps), which confirms the physical adequacy of using information entropy as an analogue of the thermodynamic entropy of production in the friction zone.
4. The warning time for reaching a critical state of a part is 229…593 hours for automotive equipment and 13…21 hours for agricultural equipment, which in relative terms is equal to 5.6…7.1% of the total resource for all eight studied scenarios and is sufficient for planning maintenance based on the condition of tribocoupling parts of machines.
5. The study demonstrates that neural networks are an effective tool for the practical implementation of the entropic approach to the analysis of tribosystems, allowing to detect a change in the state of the tribocontact from indirect sensor data without the need for direct measurement of the thermodynamic parameters of the friction zone. Further research should be aimed at validating the system on real operational data from different types of tribocouplings of parts and integrating it with existing systems for technical diagnostics of transport and agricultural machinery.
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Аулін В.В., Чумак В.М., Лисенко С.В. Прогнозування ресурсу деталей машин за динамікою зміни механізму зношування методу нейронних мереж.
Розглянуто проблему прогнозування залишкового ресурсу трибоспряжень ресурсовизначальних деталей автомобільної та сільськогосподарської техніки в умовах експлуатаційної зміни домінуючого механізму зношування. Показано, що в реальних умовах експлуатації механізм зношування не залишається статичним: деградація мастильних матеріалів, зміна навантажувально-швидкісних режимів та варіативність ґрунтових умов спричиняють перехід від штатного механізму до аварійного, що супроводжується різким скороченням залишкового ресурсу деталей машин. Запропоновано двоетапну систему ідентифікації зміни домінуючого механізму зношування, що поєднує класифікатор на основі довгої короткочасної пам'яті з ентропійним детектором переходу, який розвиває ентропійний підхід до аналізу трибосистем. Набір даних сформовано на основі модифікованої моделі Арчарда з п'ятьма каліброваними коефіцієнтами для різних режимів змащування та моделі Пальмгрена-Майнера у формі через криву витривалості з реалістичними значеннями базової кількості циклів 108...109 для різних матеріалів деталей трибоспряження. Валідацією на восьми сценаріях переходу між механізмами зношування продемонстровано надійне виявлення зміни домінуючого механізму, час попередження про досягнення критичного стану 229…593 годин для автомобільних та 13…21 годин для сільськогосподарських деталей, що становить 5,6…7,1% від загального ресурсу і є достатнім для планування технічного обслуговування машин.

Kлючьові слова: ресурс деталей, зношування, трибоспряження, зміна механізму зношування, ентропійний детектор переходу, штучна нейронна мережа, технічне обслуговування за станом.
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