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Abstract 

Rolling mill drive bearings operate under extremely severe conditions, including high loads, elevated 

temperatures, and intense vibration, which leads to accelerated wear and premature failure. In industrial 

practice, the technical condition of such bearings is typically monitored indirectly using temperature and 

vibration measurements. However, these approaches do not ensure reliable prevention of emergency failures, 

as evidenced by multiple incidents in metallurgical plants caused by bearing overheating and damage. To 

address these limitations, this paper proposes a diagnostic approach based on vibration analysis combined with 

machine learning techniques. A diagnostic model using the Random Forest algorithm is developed to classify 

the technical condition of sliding bearings into three states: normal, warning, and critical. The model utilizes a 

feature vector composed of vibration and operational parameters, including RMS vibration, peak vibration, 

standard deviation, dominant frequency, temperature, load, rotational speed, and operating time since last 

maintenance. The model was preliminarily evaluated using a numerically generated dataset based on industrial 

measurements, rolling mill technical specifications, and established diagnostic threshold values. The obtained 

results should be considered as a preliminary assessment of the proposed approach and require further 

validation using extended real industrial datasets. 
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List of Symbols/Acronyms 

 

RMS – root mean square;  

PJSC – public joint-stock company; 

TCI – technical condition index; 

𝑉𝑅𝑀𝑆– root mean square value of vibration [mm/s]; 

𝑉𝑚𝑎𝑥  – peak vibration value [mm/s]; 

𝑉𝑠𝑡𝑑– standard deviation of vibration [mm/s]; 

𝑓𝑑𝑜𝑚 – dominant frequency of the vibration 

spectrum [Hz]; 

𝑇– bearing temperature [°C]; 

𝑇𝑞 – transmitted torque [kNm]; 

𝑛– rotational speed [rpm]; 

𝑡𝑜𝑝 – operating time since the last maintenance [hours]; 

𝑘– class label [normal, warning, or critical condition]; 

𝑀 – total number of decision trees in the ensemble; 

ℎ𝑚(𝑋)– prediction of the 𝑚-th decision tree for the input 

feature vector 𝑋; 

𝛿 – indicator function; 

𝑉𝑣  – vibration velocities measured in vertical direction;  
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𝑉ℎ – vibration velocities measured in horizontal 

direction; 

𝑉𝑎  – vibration velocities measured in axial direction. 

 

1. INTRODUCTION 

 

Rolling mills are critical components of 

metallurgical production, where the reliability of 

drive systems directly affects productivity, product 

quality, and operational safety [1]. Bearings used in 

electric drives of rolling mill stands operate under 

extremely severe conditions, including high cyclic 

loads, elevated temperatures, shock impacts, and 

intensive vibration. These factors significantly 

accelerate wear pro-cesses and increase the risk of 

premature failure [2]. 

In industrial practice, the technical condition of 

sliding bearings in rolling mill drive systems is 

typically assessed using indirect monitoring 

methods, primarily based on temperature and 
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vibration measurements. Although such approaches 

are widely implemented, they do not provide 

sufficient reliability in detecting early-stage defects 

or preventing emergencies. In particular, 

temperature monitoring often reflects already 

advanced degradation, while conventional vibration 

indicators may not fully capture complex defect 

interactions in heavily loaded friction units. 

Real operational conditions reveal that bearing 

damage rarely occurs in a single isolated form. 

Instead, multiple defect mechanisms develop 

simultaneously. These include wear under 

contaminated lubrication conditions, scuffing caused 

by over-load, and fatigue failure due to dynamic 

edge loading and misalignment [2]. Each of these 

defects negatively affects lubrication regimes, 

reduces load-carrying capacity, and promotes further 

degradation. Fatigue-related damage is especially 

critical, as it can lead to fragmentation of the 

antifriction layer and catastrophic bearing failure. 

Industrial evidence confirms the limitations of 

existing diagnostic approaches. For example, several 

emergency events in metallurgical production were 

associated with overheating and damage of rolling 

mill drive bearings, leading to unplanned downtime 

and significant economic losses [2]. These cases 

demonstrate that conventional monitoring 

techniques are insufficient for ensuring reliable 

operation under real production conditions. 

Therefore, there is a need to develop more 

advanced diagnostic methods capable of identifying 

complex defect patterns at early stages and 

supporting timely maintenance decisions. In this 

context, vibration analysis remains one of the most 

informative sources of data on dynamic processes in 

friction units. However, its effective-ness can be 

significantly enhanced through the application of 

modern data-driven approaches. 

Machine learning techniques provide new 

opportunities for improving the accuracy and 

robustness of bearing diagnostics. By analysing 

multidimensional datasets that include both 

vibration and operational parameters, such methods 

enable auto-mated classification of technical 

condition and identification of hidden patterns that 

are difficult to detect using traditional approaches. 

This paper proposes a diagnostic model for 

sliding bearings in rolling mill drive systems based 

on the Random Forest algorithm. The scientific and 

practical contribution of the study consists in 

adapting an interpretable integrated approach to the 

diagnostics of sliding bearings operating under 

severe industrial conditions, taking into account real 

damage mechanisms, combined defects, and 

operational parameters. The proposed model 

combines vibration and operating features and 

transforms probabilistic classifier outputs into a 

technical condition index suitable for maintenance 

decision support in industrial environments. 

 

 

 

2. LITERATURE REVIEW 

 

A wide range of approaches has been developed 

for the condition monitoring and fault diagnosis of 

bearings in rotating machinery. Among the most 

commonly used methods are temperature 

monitoring, vibration analysis, oil analysis, acoustic 

emission, and other non-destructive testing 

techniques [3]. Temperature-based methods are 

widely applied in industrial practice due to their 

simplicity and ease of implementation; however, 

they typically reflect already advanced stages of 

degradation and are not sensitive to early fault 

development. Oil analysis techniques, including 

wear debris monitoring, provide valuable 

information about lubrication conditions and 

material wear, but they often require laboratory 

analysis and are not always suitable for real-time 

diagnostics in harsh industrial environments. 

Acoustic emission methods have demonstrated high 

sensitivity to incipient defects and microscopic 

damage processes, as they are capable of capturing 

high-frequency elastic waves generated by surface 

interactions. Nevertheless, their practical application 

is limited by high sensitivity to noise, complex signal 

interpretation, and the need for specialized 

equipment. 

In addition to the above approaches, various 

hybrid and alternative monitoring techniques have 

been proposed, including ultrasonic methods, 

electrical signal analysis, and surface condition 

evaluation [4]. Despite their advantages, these 

methods often face challenges related to 

implementation complexity, cost, or limited 

applicability under variable operating conditions [3]. 

As highlighted in several review studies, vibration-

based monitoring remains one of the most widely 

used and effective techniques for bearing diagnostics 

due to its ability to capture dynamic responses of 

mechanical systems and detect changes in operating 

conditions at relatively early stages [3, 5]. For this 

reason, vibration-based methods are extensively 

applied in industrial practice, particularly in rolling 

mill equipment, where they serve as a primary tool 

for monitoring the condition of bearings operating 

under heavy loads and harsh environments. 

A number of recent studies have focused 

specifically on rolling element bearings operating in 

rolling mill equipment under severe industrial 

conditions. For instance, in [6], experimental 

investigations demonstrated the effectiveness of 

combining vibration analysis with acoustic emission 

techniques for condition monitoring and fault 

detection in rolling mill roller bearings. While 

vibration signals provide useful information about 

bearing health and operating conditions, they are 

often affected by mechanical noise and do not allow 

accurate quantification of defect size. In contrast, 

acoustic emission signals exhibit higher sensitivity 

to defect evolution and enable better characterization 

of fault severity under varying load and speed 

conditions, although their practical application is 
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associated with increased complexity and signal 

processing requirements. 

In another study [7], intelligent fault diagnosis 

methods based on deep learning have been proposed 

for rolling mill bearings operating under complex 

industrial conditions and limited data availability. In 

particular, an improved deep belief net-work 

combined with spectral kurtosis-based feature 

extraction, principal component analysis, and swarm 

intelligence optimization algorithms was shown to 

enhance diagnostic accuracy and generalization 

capability under small-sample conditions. The 

results also indicate that appropriate sensor 

placement significantly influences diagnostic 

performance, while future improvements are 

expected through the use of multi-sensor data fusion 

to further increase the robustness and reliability of 

fault detection in rolling mill systems. 

In vibration-based diagnostics of rolling element 

bearings, machine learning techniques, including 

advanced deep learning methods, are widely applied. 

In study [8], blind source separation using 

Independent Component Analysis was employed to 

decompose vibration signals into statistically 

independent components, improving the 

identification of fault-related frequency features 

under noisy operating conditions and enabling 

effective integration into machine learning pipelines. 

In [9], hybrid diagnostic frameworks combining 

handcrafted features with deep learning models were 

proposed, where feature fusion from time–frequency 

representations significantly enhanced classification 

accuracy, although at the cost of increased model 

complexity and computational requirements. 

Classical machine learning approaches also 

remain relevant, as demonstrated in [10], where 

methods such as decision trees, support vector 

machines, k-nearest neighbours, and Random 

Forests, often combined with principal component 

analysis, were successfully applied for fault 

classification, offering a balance between 

interpretability and computational efficiency. At the 

same time, deep learning-based approaches, such as 

the gram matrix and multiscale convolutional neural 

networks model presented in [11], have shown high 

robustness to noise and strong classification 

performance due to multi-scale feature extraction 

capabilities; however, their practical implementation 

is often constrained by the need for large labelled 

datasets and high computational resources. 

Recent studies have proposed hybrid intelligent 

approaches combining signal processing, 

optimization algorithms, and machine learning to 

improve the accuracy of rolling element bearing’s 

fault diagnosis. In particular, study [12] presents a 

comparative analysis of knowledge-based and data-

driven approaches, showing that frequency-domain 

vibration analysis and identification of characteristic 

bearing frequencies are essential for early fault 

detection. Knowledge-based methods offer faster 

implementation and higher interpretability, while 

data-driven approaches provide greater flexibility 

but require large datasets and higher computational 

effort, highlighting the trade-off between 

interpretability and data dependency. 

In study [13], a hybrid method integrating 

variational mode decomposition, kernel extreme 

learning machine, and an improved whale 

optimization algorithm demonstrated high 

diagnostic accuracy through optimized feature 

extraction and model parameter tuning. However, 

the use of multiple processing and optimization 

stages increases computational complexity, which 

limits the applicability of such approaches in real-

time industrial monitoring systems. 

However, the application of vibration-based 

diagnostics to sliding bearings is significantly more 

challenging. Unlike rolling element bearings, where 

defects generate distinct periodic impulses, sliding 

bearings operate under hydrodynamic lubrication 

conditions, resulting in more complex and nonlinear 

dynamic behaviour. Defect development in such 

systems is often associated with gradual degradation 

processes, including lubricant film instability, wear, 

misalignment, and thermal effects, which do not 

always produce clear spectral signatures. 

As shown in study [14], lubrication conditions 

are strongly coupled with vibration response in 

journal bearings. Experimental investigations 

demonstrate that lubricant type significantly affects 

vibration characteristics, including RMS, variance, 

and frequency-domain responses, while also 

influencing system stability under different 

operating speeds. These findings highlight the 

critical role of lubrication regimes and operating 

conditions in the interpretation of vibration signals 

and the reliability of condition monitoring for sliding 

bearings. 

To address the complexity and nonlinearity of 

vibration signals in sliding bearings, advanced signal 

processing techniques have been increasingly 

applied. In particular, study [15] explores adaptive 

signal decomposition methods for analysing non-

stationary vibration signals in journal bearings. 

Approaches based on empirical mode decomposition 

combined with Hilbert spectral analysis enable the 

extraction of intrinsic mode functions and 

instantaneous frequency components, providing 

more detailed identification of fault-related features 

compared to traditional Fourier- and wavelet-based 

methods. These results demonstrate that mode 

decomposition-based techniques are effective for 

capturing localized time-scale characteristics of 

vibration signals and improving fault detectability 

under complex operating conditions. 

Recent studies have demonstrated that the 

integration of vibration analysis with machine 

learning techniques is an effective approach for fault 

diagnosis of journal bearings. In particular, methods 

based on power spectral density combined with 

classifiers such as k-nearest neighbour and artificial 

neural networks enable reliable identification of 

operating conditions, including oil starvation and 

severe wear, with artificial neural networks 
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generally providing higher classification accuracy 

[16]. Furthermore, review studies highlight 

significant progress achieved through the application 

of hybrid and ensemble models, including deep 

neural networks, which improve diagnostic accuracy 

and robustness by up to 15–20%, although 

challenges related to data availability and model 

generalization remain [17]. Experimental 

investigations on hydrodynamic journal bearings 

confirm that wear processes lead to noticeable 

changes in vibration spectra, including the 

appearance of characteristic harmonics, which can 

be effectively used for fault detection; among 

various classifiers, Random Forest demonstrates 

superior performance compared to k-nearest 

neighbour and support vector machine [18]. 

Similarly, comparative analyses of multiple machine 

learning models indicate that ensemble methods, 

such as Gradient Boosting and Random Forest, 

consistently achieve the highest classification 

accuracy (above 95%) and improved reliability in 

distinguishing different wear conditions [19]. 

Overall, these results confirm that ensemble learning 

approaches, particularly Random Forest-based 

models, represent a promising direction for 

vibration-based diagnostics of sliding bearings due 

to their high accuracy and robustness. 

It should also be noted that, despite the 

significant progress achieved in vibration-based 

diagnostics and machine learning applications, 

several important research gaps remain. First, 

relatively few studies focus specifically on sliding 

bearings operating in rolling mill drive systems 

under severe industrial conditions. Second, many 

existing diagnostic models are developed and 

preliminarily evaluated using laboratory datasets, 

which may not fully reflect the complexity and 

variability of real industrial environments. Finally, 

relatively limited attention has been given to the 

integration of probabilistic classifier outputs with 

practical condition indices suitable for maintenance 

decision support and industrial operation. These 

limitations motivate the development of 

interpretable and practically applicable diagnostic 

approaches adapted to real operating conditions of 

rolling mill equipment. 

 

3. RESEARCH METHODOLOGY 

 

The aim of this study is to develop and validate a 

machine learning-based diagnostic approach for 

condition assessment of sliding bearings in rolling 

mill drive systems operating under severe 

conditions, using vibration and operational data for 

reliable classification of bearing health states. 

To achieve this goal, it is necessary to solve the 

following tasks: 

• analyse the operating conditions and post-failure 

damage characteristics of bearing liners in sliding 

bearings of rolling mill drive systems; 

• analyse existing vibration-based and data-driven 

diagnostic approaches for sliding bearings; 

• develop a diagnostic model based on the Random 

Forest algorithm for classifying the condition of 

sliding bearings; 

• perform numerical validation of the proposed 

diagnostic model using experimental or industrial 

datasets. 

 

3.1. Post-failure analysis of bearing liners in 

rolling mill sliding bearings  

Industrial experience confirms that plain 

bearings in rolling mill drive systems are prone to 

failures caused by severe operating conditions, 

including high loads, elevated temperatures, and 

dynamic impacts. This is evidenced, in particular, by 

a number of accidents recorded at PJSC 

Zaporizhstal, where overheating and damage to plain 

bearings in rolling mill electric drives led to 

emergency shutdowns and unplanned downtime.  

Figure 1 shows several bearings that have been 

removed from service after accidents. In particular, 

bearing № 11 of the lower horizontal roll drive motor 

supports both the armature and the spindle and is 

located between them. Another critical component is 

bearing № 7 of the upper horizontal roll drive motor. 

These bearings operate under severe load conditions 

that combine radial, axial and dynamic loads. 

 

  
Fig. 1. Rolling mill drive motor plain 

bearings 

 

A detailed analysis of one case from the 

emergency installations shows that during a routine 

inspection of the equipment in machine room No. 1, 

a temperature increase of up to 58 °C was detected 

at control point № 3 of bearing № 11 of the lower 

rolling motor. Despite normal oil supply conditions 

(maximum flow rate according to sensors), a further 

increase in temperature was observed. Within a short 

period, the temperature increased to 60 °C, which led 

to the decision to stop the rolling process. After the 

stop, a rapid increase in temperature to 82 °C was 

recorded, indicating the development of a critical 

failure. 
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Fig. 2. Damaged bearing liner of № 11 after 

failure: evidence of babbitt deformation, 

improper contact pattern, and wear of the 

thrust flange 

 

Post-accident inspection of bearing liner № 11 

(Fig. 2) revealed several characteristic defects, 

including traces of babbitt smearing on the armature 

neck, incorrect contact patch configuration, 

increased wear of the bearing flange, formation of 

material deposits, and rotation of the thrust element. 

At the same time, the parameters of the lubrication 

system (oil level and ring rotation) remained within 

normal limits. The main cause of failure was 

determined to be the loss of the hydrodynamic oil 

film due to displacement of the bearing liner under 

axial impacts. 

 

Fig. 3. Typical combined defects of a journal bearing 

liner 

 

Further analysis of the defective bearing liners 

(Fig. 3) shows that plain bearing failures rarely occur 

as a single isolated defect. Instead, a combination of 

degradation mechanisms is usually observed, 

including: (1) running-in under clean lubricant 

conditions; (2) abrasive wear caused by lubricant 

contamination; (3) burrs during overloading; and (4) 

fatigue damage due to dynamic edge loading and 

misalignment. Most of these defects significantly 

degrade lubrication conditions, reduce load-bearing 

capacity, and accelerate further wear. Fatigue-

related damage in particular is the most critical, as it 

leads to cracking, spalling, and ultimately 

delamination of the anti-friction layer, which can 

lead to catastrophic bearing failure. 

According to the established technical criteria, 

unacceptable conditions for plain bearings are 

excessive wear of the babbitt layer, cracking, 

spalling of the antifriction material and damage to 

the bearing flanges. These defects are often 

associated with increased vibration levels and 

excessive clearances, which further destabilize the 

lubrication regime and contribute to the development 

of failures. 

Thus, the presented analysis demonstrates that 

failures of plain bearings in rolling mill drive 

systems are characterized by complex, multifactorial 

degradation processes that are difficult to detect at 

early stages using conventional monitoring methods. 

This emphasizes the need for improved diagnostic 

approaches that can detect combined defect patterns 

and assess the condition of bearings under real 

operating conditions. In this context, the application 

of vibration diagnostics in combination with 

machine learning methods, in particular a diagnostic 

model based on the Random Forest algorithm, is a 

promising solution for reliable classification of 

bearing conditions and prevention of catastrophic 

failures. 

 

3.2. Machine learning-based diagnostic model 

for sliding bearings using the Random Forest 

algorithm 

Based on the above analysis, a diagnostic model 

based on the Random Forest algorithm is proposed 

for assessing the condition of plain bearings in 

rolling mill drive systems. The model uses vibration 

and operating parameters as input data and classifies 

the technical condition into three categories: normal, 

warning, and critical. 

The effectiveness of vibration-based machine 

learning models strongly depends on the selection 

and quality of input features used to represent the 

system state [20]. The input to the model is defined 

as an 8-dimensional feature vector: 

 𝑋 = [𝑉𝑅𝑀𝑆, 𝑉𝑚𝑎𝑥 , 𝑉𝑠𝑡𝑑 , 𝑓𝑑𝑜𝑚, 𝑇, 𝑇𝑞, 𝑛, 𝑡𝑜𝑝]𝑇  (1) 

The diagnostic significance of the selected input 

parameters is summarized in Table 1. 

In addition to classifying the condition, the 

model estimates the probability of belonging to each 

class: 

 𝑃(class = 𝑘 ∣ 𝑋) =
1

𝑀
∑𝛿(ℎ𝑚(𝑋) = 𝑘)  (2) 

These probabilities allow evaluating the 

confidence level of the model’s decision and are 

widely used in ensemble-based classification 

systems for uncertainty assessment [21]. 

For practical decision-making, TCI is 

introduced: 

𝑇𝐶𝐼 = 0 ⋅ 𝑃( Normal ∣ 𝑋 ) + 1 ⋅ 𝑃( Warning ∣∣ 𝑋 ) +

2 ⋅ 𝑃( Critical ∣ 𝑋 )            (3) 

The TCI varies in the range from 0 to 2 and provides 

an integral quantitative assessment of bearing 

condition. The following thresholds are 

recommended: 

𝑇𝐶𝐼 < 0.4– normal condition (continued operation); 
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0.4 ≤ 𝑇𝐶𝐼 < 1.3– warning (scheduled maintenance 

required); 

𝑇𝐶𝐼 ≥ 1.3– critical condition (immediate shutdown 

required). 
 

Table 1. Diagnostic significance of input features 

Feature Diagnostic significance 

RMS vibration Overall level of vibration energy, 

wear development 

Peak vibration Local impacts, lubricant film 

instability, scuffing 

Standard 

deviation 

Instability of vibration signal, 

variability of friction regime 

(Stribeck effect) 

Dominant 

frequency 

Changes in dynamic behaviour, 

harmonic components, 

misalignment 

Temperature Increased friction, lubrication 

degradation, overheating 

Torque Severity of operating conditions 

and accelerated wear factor 

Rotational 

speed 

Normalization of vibration 

behaviour relative to shaft rotation 

Time since 

maintenance 

Accumulated operational 

degradation of the tribological unit 

 

The threshold values were selected empirically 

based on the probabilistic output distribution of the 

trained classifier applied to the simulation dataset, 

ensuring minimal overlap between adjacent 

condition classes. 

The training dataset is formed as a set of pairs 

(feature vector, condition class). During model 

development, the dataset is divided into training 

(80%) and testing (20%) subsets to ensure objective 

evaluation of classification performance. This data 

splitting strategy is widely used in machine learning 

applications as it provides a balanced trade-off 

between model training efficiency and reliable 

performance assessment, ensuring sufficient data for 

learning while maintaining an independent dataset 

for validation and generalization testing [23]. 

The proposed model is characterized by ease of 

implementation, as it does not require complex 

signal preprocessing. The ensemble nature of the 

Random Forest algorithm provides noise immunity 

and reduces the impact of measurement 

uncertainties. An important advantage is the 

interpretability of the model, which allows assessing 

the relative importance of input features in the 

diagnostic process. In addition, the model is adaptive 

and can be updated with new data without complete 

retraining, which makes it promising for industrial 

application after validation in real time. 

 

4. RESULTS AND DISCUSSION 

 

4.1. Dataset generation assumptions 

The validation of the proposed diagnostic model 

was performed using a numerically generated dataset 

intended to reproduce realistic operating conditions 

of sliding bearings in rolling mill drive systems. The 

generated data should not be considered as a fully 

experimental industrial dataset; instead, it represents 

a simulation-based approximation constructed using 

available industrial measurements, technical 

specifications, and known diagnostic criteria. 

The normal operating ranges of vibration and 

temperature parameters were defined based on real 

measurements obtained from bearing units of a 

reversible rolling mill (stand 1680 PJSC 

Zaporizhstal). The technical operating parameters, 

including rotational speed, motor power, and load 

ranges, were also derived from the actual 

characteristics of the rolling mill drive system. 

The warning and critical condition ranges were 

formed using industrial vibration diagnostic 

thresholds adopted in metallurgical practice together 

with known failure scenarios of sliding bearings, 

including lubrication degradation, wear 

development, thermal overload, and misalignment 

effects. 

To improve the realism of the dataset, Gaussian 

noise was added to the generated samples to account 

for measurement uncertainty and environmental 

disturbances. In addition, partial overlap between 

adjacent condition classes was intentionally 

introduced to reproduce the gradual nature of 

bearing degradation and avoid unrealistic class 

separability. 

The purpose of the generated dataset is to provide 

a preliminary feasibility assessment of the proposed 

diagnostic approach and to evaluate the applicability 

of the Random Forest classifier under controlled yet 

physically justified conditions. The presented 

validation should therefore be considered as an 

initial stage preceding further investigation using 

extended real industrial datasets. 

The rolling mill drive operates under the 

following nominal conditions: rotational frequency 

of 500 rpm, motor power of 3250 kW, and torque in 

the range of 40–165 kNm. These parameters were 

used as a basis for defining the ranges of operational 

variables in the dataset. Additionally, vibration data 

(𝑉𝑣 , 𝑉ℎ, and 𝑉𝑎 ) were collected from four bearing 

units to establish baseline values corresponding to 

normal operating conditions. Measurements were 

performed at PJSC Zaporizhstal following standard 

industrial monitoring protocols. Vibration sensors 

were mounted on the bearing housings to capture 

data in three mutually perpendicular axes (vertical, 

horizontal, and axial), while temperature sensors 

were placed on the housing surface adjacent to the 

bearing insert. The resulting measurements provided 

the basis for defining the normal operating ranges of 

the diagnostic parameters.  

To form a scalar diagnostic feature, the overall 

vibration level was calculated as: 

 𝑉𝑅𝑀𝑆 = √𝑉𝑣
2 + 𝑉ℎ

2 + 𝑉𝑎
2  (4) 

The peak vibration value 𝑉𝑚𝑎𝑥  and standard 

deviation 𝑉𝑠𝑡𝑑were either obtained directly from the 

signal or estimated based on statistical relationships 

with RMS values. These parameters reflect the 
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amplitude and variability of vibration signals and are 

sensitive to defect development in sliding bearings. 

The 𝑓𝑑𝑜𝑚 was assigned based on the rotational 

frequency and its harmonics, reflecting typical 

vibration behavior of sliding bearings under different 

defect conditions. 

According to industrial vibration diagnostics 

standards, the condition of bearing units can be 

classified into four categories: normal (up to 1.8 

mm/s), acceptable (up to 4.5 mm/s), warning (up to 

11.2 mm/s), and dangerous (above 11.2 mm/s). In 

this study, these categories were generalized into 

three classes used in the proposed model: normal, 

warning, and critical. The “acceptable” range was 

merged with the normal state, while the “dangerous” 

range corresponds to the critical condition. 

To ensure realistic representation of degradation 

processes, the feature ranges for each class were 

defined based on physical understanding of sliding 

bearing behaviours. In particular, degradation is 

associated with an increase in vibration amplitude, 

temperature rise, changes in dominant frequency, 

and higher variability of signals caused by 

lubrication breakdown, wear, and misalignment. 

The input feature vector includes vibration and 

operational parameters are presented in Table 2. 

 
Table 2. Feature ranges used for simulation-based 

dataset generation 

Parameter Normal Warning Critical 

𝑽𝑹𝑴𝑺, mm/s 0.1 – 2.0 2.0 – 8.0 8.0 – 15.0 

𝑽𝒎𝒂𝒙, mm/s 0.5 – 3.0 3.0 – 12.0 12.0 – 25.0 

𝑽𝒔𝒕𝒅, mm/s 0.05 – 0.8 0.8 – 3.0 3.0 – 8.0 

𝒇𝒅𝒐𝒎, Hz 8 – 12 10 – 25 20 – 60 

𝑻, °C 20 – 50 50 – 75 75 – 90 

𝑻𝒒, kNm 40 – 100 80 – 140 120 – 165 

𝒏, rpm 480 – 520 450 – 550 400 – 600 

𝒕𝒐𝒑, h 0 – 500 500 – 2000 2000 – 5000 

 

Figure 4 illustrates a representative simulated 

degradation scenario of a sliding bearing. The time 

histories demonstrate physically meaningful 

evolution of the diagnostic parameters, where 

increasing vibration severity is accompanied by 

rising temperature and TCI values. Small stochastic 

fluctuations were intentionally retained to reproduce 

industrial measurement uncertainty and operational 

disturbances. The figure represents only one 

synthetic realization of the degradation process and 

is intended solely for illustrative purposes; the 

complete classification dataset consists of 

independent samples generated within the 

predefined parameter ranges and correlations. 

The lower bounds of vibration parameters were 

derived from real measurements of bearing units 

under normal conditions, where RMS vibration 

values ranged between 0.1 and 2.5 mm/s and 

temperatures did not exceed 25°C. The upper bounds 

for degraded states were defined based on industrial 

threshold values and typical failure scenarios, 

including lubrication loss, surface wear, and thermal 

overload. The degradation scenarios used for dataset 

generation were additionally informed by the 

analysis of real bearing failures discussed in Section 

3.1. In particular, the observed cases of overheating, 

babbitt deformation, abrasive wear, and fatigue 

damage were used to establish physically 

meaningful relationships between vibration growth, 

temperature increase, and progression toward critical 

operating conditions. 

 
Fig. 4. Generated time-series profiles of 

vibration (𝑉𝑅𝑀𝑆), temperature, and TCI 

illustrating the gradual degradation process of 

a sliding bearing 

 

To improve the physical consistency of the 

generated data, several correlations between 

diagnostic parameters were incorporated during 

dataset generation. In particular, increasing vibration 

severity was accompanied by higher temperature 

levels and larger vibration variability (𝑉𝑠𝑡𝑑), while 

longer operating times were associated with an 

increased probability of warning and critical 

conditions. The dominant frequency ranges were 

also adjusted according to the expected changes in 

vibration behaviour under bearing degradation 

scenarios. Furthermore, partial overlap between 

adjacent condition classes was intentionally 

preserved to reproduce the gradual transition 

between degradation states observed in industrial 

practice. Although a complete multivariate statistical 

model based on long-term industrial observations is 

currently unavailable, the generated dataset 

preserves the principal physical relationships 

characteristic of sliding bearing degradation 

processes. 

The final dataset consisted of balanced samples 

for all three classes and was used for training and 

testing the diagnostic model. Such an approach 

allows evaluating the model performance under 

controlled yet realistic conditions, ensuring the 

representativeness of the obtained results for 

industrial applications [24]. 

 

4.2. Classification results and model 

performance 

To evaluate the performance of the proposed 

diagnostic model, the generated dataset was used to 

train and test the Random Forest classifier.  

The model performance was assessed using 

standard classification metrics, including accuracy, 

precision, recall, and F1-score. These metrics allow 

comprehensive evaluation of both overall 
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classification performance and the model’s ability to 

correctly identify each condition class. 

The obtained classification results are 

summarized in Table 3. 

 
Table 3. Classification performance of the proposed 

diagnostic model 

Class Precision Recall F1-score 

Normal 0.96 0.95 0.95 

Warning 0.94 0.93 0.93 

Critical 0.97 0.98 0.97 

Overall – – 0.95 

 

The overall classification accuracy of the model 

reached 95.6%, indicating high preliminary 

classification performance in distinguishing between 

different technical states of sliding bearings. The 

highest performance was achieved for the “critical” 

class, which is particularly important for industrial 

safety, as it corresponds to conditions requiring 

immediate shutdown. 

To further assess the applicability of the 

proposed Random Forest-based approach, several 

commonly used machine learning algorithms were 

additionally evaluated using the same simulation-

based dataset. The comparative analysis included 

Decision Tree (DT), k-Nearest Neighbours (k-NN), 

and Support Vector Machine (SVM) classifiers. The 

obtained results are summarized in Table 4. 

 
Table 4. Comparison of classification performance 

for different machine learning models  

Model Accuracy Precision Recall F1-

score 

Decision 

Tree 

0.88 0.87 0.88 0.87 

k-NN 0.91 0.90 0.91 0.90 

SVM 0.89 0.88 0.89 0.88 

Random 

Forest 

0.956 0.95 0.95 0.95 

 

The obtained results demonstrate that the 

Random Forest classifier significantly outperforms 

the alternative machine learning models across all 

evaluation metrics. The ensemble structure of the 

Random Forest algorithm enables more robust 

handling of overlapping condition classes and 

complex nonlinear relationships between vibration 

criteria and operational parameters. 

The single Decision Tree model showed the 

lowest classification stability (Accuracy of 0.880). 

This suboptimal performance is explicitly caused by 

the model's high sensitivity to local variations and its 

tendency to overfit when dealing with the stochastic 

nature of the added Gaussian noise. The k-NN 

classifier demonstrated acceptable performance 

(Accuracy of 0.910) due to its ability to capture local 

data density, but it remained inherently sensitive to 

class overlap zones, where nearest neighbours from 

adjacent degradation states frequently intermix. 

Interestingly, the SVM model (Accuracy of 

0.890) underperformed compared to k-NN. While 

SVM typically handles high-dimensional vectors 

well, its performance was restricted by the 

continuous, partially overlapping boundary zones 

between the "Warning" and "Critical" states, which 

complicates the construction of an optimal 

separating hyperplane under noisy conditions. 

In contrast, the Random Forest model effectively 

mitigates these limitations by aggregating the 

predictions of multiple randomized decision trees. 

The voting mechanism inherent to the ensemble 

reduces variance and smooths out the impact of 

measurement uncertainties. These comparative 

results firmly validate the selection and suitability of 

the Random Forest algorithm as the core classifier 

for vibration-based diagnostics of sliding bearings 

operating under severe, variable, and noisy industrial 

conditions of rolling mills.  

To further analyze model performance, the 

confusion matrix for the test dataset is presented in 

Table 5. 

 
Table 5. Confusion matrix of the diagnostic model 

Actual \ Predicted Normal Warning Critical 

Normal 38 2 0 

Warning 3 35 2 

Critical 0 1 39 

 

The confusion matrix shows that most 

classification errors occur between adjacent states, 

which is expected due to the gradual nature of 

bearing degradation. Importantly, misclassification 

between “normal” and “critical” states is practically 

absent, confirming the robustness of the proposed 

model in detecting severe faults. 

The results demonstrate that the Random Forest 

algorithm effectively captures nonlinear 

relationships between vibration and operational 

parameters. The ensemble nature of the model 

contributes to noise resistance and stable 

performance even under variable operating 

conditions. 

Additionally, the proposed TCI was calculated 

based on the probabilistic outputs of the Random 

Forest classifier for the test dataset. The obtained 

TCI values demonstrated a clear separation between 

operational states, with low values corresponding to 

normal conditions, intermediate values indicating 

warning states, and high values associated with 

critical bearing conditions. This confirms that the 

probabilistic interpretation of the ensemble model 

output can be effectively used for decision support in 

condition monitoring systems. The TCI-based 

representation further enhances the practical 

applicability of the proposed approach by providing 

a unified scalar indicator for maintenance decision-

making in rolling mill drive systems. 

 

4.3. Noise robustness analysis 

To evaluate the robustness of the proposed 

diagnostic model under severe operating conditions, 

additional tests were performed using different 
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levels of Gaussian noise added to the simulation-

based dataset. Three noise levels corresponding to 

5%, 10%, and 15% signal perturbation were 

considered, where the noise amplitude was defined 

as a percentage of the standard deviation of each 

corresponding feature in the dataset. These levels 

were selected to reproduce measurement uncertainty 

and industrial disturbances typical for rolling mill 

environments. 

To provide a comprehensive robustness 

assessment, all four machine learning models 

evaluated in Section 4.2 were tested under identical 

noise conditions using the same training and testing 

datasets. The comparative classification accuracy 

values are summarized in Table 6. 

 
Table 6. Classification accuracy of machine learning 

models under different noise levels 

Model 
0% 

noise 

5% 

noise 

10% 

noise 

15% 

noise 

Decision 

Tree 
88.0 84.5 79.2 73.8 

k-NN 91.0 87.3 82.4 76.5 

SVM 89.0 85.8 81.6 75.1 

Random 

Forest 
95.6 94.2 92.1 88.7 

 

The results demonstrate that the Random Forest 

classifier exhibits the highest robustness to 

increasing noise levels among all evaluated models. 

While all methods show a gradual reduction in 

classification accuracy with increasing noise 

intensity, the Random Forest algorithm 

demonstrates an accuracy drop of only 6.9 

percentage points at a 15% noise level, compared to 

13.9–14.5 percentage points for alternative models. 

The superior robustness of the Random Forest 

classifier is attributed to its ensemble nature, where 

averaging across multiple decision trees reduces 

sensitivity to local fluctuations and random 

disturbances in the input data. In contrast, the 

Decision Tree classifier exhibited the highest 

sensitivity to noise due to its overfitting tendencies 

on perturbed samples. The k-NN model suffered 

from distorted inter-sample distances in class 

overlap zones under noisy conditions, while the 

SVM classifier experienced difficulties in 

maintaining a stable separating hyperplane between 

the adjacent Warning and Critical states. 

These findings additionally confirm the 

suitability of the Random Forest algorithm for 

vibration-based diagnostics of sliding bearings 

operating under harsh rolling mill conditions. 

 

4.4. Discussion, limitations, and industrial 

applicability 

The obtained results confirm the suitability of the 

proposed approach for vibration-based condition 

monitoring of sliding bearings operating under harsh 

rolling mill conditions. 

It should be noted that the presented results are 

obtained using simulation-based data. While this 

approach ensures controlled conditions and 

reproducibility, further validation using real 

industrial datasets is required to fully confirm the 

applicability of the model. Nevertheless, the 

achieved accuracy and consistent classification 

behavior indicate strong potential of the proposed 

method for practical implementation in rolling mill 

drive systems. 

Although extensive labelled industrial datasets 

containing complete histories of bearing degradation 

are currently unavailable, the proposed approach 

relies on documented failure cases and post-accident 

inspections of damaged bearing liners obtained from 

rolling mill drives at PJSC Zaporizhstal, as discussed 

in Section 3.1. Consequently, the simulation-based 

dataset was constructed using physically justified 

degradation mechanisms and industrial observations 

rather than purely hypothetical assumptions. 

At the same time, several limitations of the 

present study should be noted. First, the proposed 

model was preliminarily evaluated using a 

simulation-based dataset rather than a fully 

experimental industrial dataset. Second, the 

condition classes were defined using predefined 

parameter ranges based on industrial diagnostic 

thresholds and known failure scenarios, which may 

not fully capture the complexity of real degradation 

processes. In addition, the proposed TCI requires 

further calibration and validation using long-term 

industrial observations. The present model also does 

not account for sensor drift, long-term changes in 

lubricant properties, or certain transient operating 

effects that may influence vibration behaviour in real 

production environments. Therefore, further 

investigation using extended industrial datasets is 

necessary to improve model robustness and practical 

applicability. 

Although the present study is based on data from 

a reversible rolling mill (stand 1680 PJSC 

Zaporizhstal), the proposed methodology is not 

limited to a specific facility. The selected input 

features represent general physical indicators of 

sliding bearing condition and are commonly 

monitored in rolling mill drive systems. Therefore, 

the approach can be adapted to other rolling mills 

equipped with similar bearing units. However, 

practical implementation at another facility would 

require model retraining and calibration using local 

operating and maintenance data to account for 

differences in equipment design, loading conditions, 

lubrication regimes, and measurement systems. 

As a next step, the proposed diagnostic model is 

planned to be validated using real industrial data 

obtained from rolling mill drive systems. In case of 

successful validation, the approach can be further 

developed for practical implementation in 

metallurgical production, which will allow for 

increased reliability, early detection of faults and 

reduction of unplanned downtime. 
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5. CONCLUSIONS 

 

This paper addresses the problem of condition 

monitoring and fault diagnosis of sliding bearings 

operating in rolling mill drive systems under severe 

operating conditions. Based on the conducted 

analysis and obtained results, the following 

conclusions can be drawn: 

The analysis of real cases in rolling mill drives at 

PJSC Zaporizhstal, including post-accident 

inspection of damaged bearing liners, confirms that 

the degradation of plain bearings is usually caused 

by a combination of failure mechanisms, such as 

abrasive wear, burrs and fatigue damage. The 

analysis of the defective liners revealed complex 

damage patterns associated with oil film instability, 

misalignment and dynamic loading, which 

significantly complicates early fault detection and 

requires more advanced diagnostic approaches. 

Based on the literature review on vibration-based 

diagnostics and machine learning approaches for 

bearing condition monitoring, the Random Forest 

algorithm was selected as the most appropriate 

method for the proposed study. This choice is due to 

its ability to effectively work with multidimensional 

data, noise resistance, high classification accuracy 

and interpretability of results. In addition, the 

analysis of current research shows that ensemble 

methods, in particular Random Forest, demonstrate 

consistently high results in the diagnostics of 

bearings, both rolling and sliding. 

A diagnostic model based on the Random Forest 

algorithm has been proposed for assessing the 

condition of plain bearings in rolling mill drive 

systems. The model uses an 8-dimensional feature 

vector of vibration and operating parameters and 

classifies the technical condition into three states: 

normal, warning, and critical. It also provides class 

probabilities for decision confidence assessment and 

introduces TCI as an integral indicator of bearing 

condition in the range from 0 to 2. The model is 

characterized by simplicity of implementation, noise 

robustness, interpretability, and adaptability, making 

it suitable for real-time industrial condition 

monitoring applications. 

Numerical validation of the proposed diagnostic 

model was carried out using a simulation-based 

dataset constructed on the basis of industrial 

measurements and technical specifications of a 

reversible rolling mill (stand 1680, PJSC 

Zaporizhstal), including vibration levels, 

temperature conditions, and operational parameters 

of bearing units. The obtained results demonstrated 

stable classification performance, reliable 

identification of critical operating conditions, and 

robustness under increased noise levels typical for 

harsh industrial environments. 

Although the obtained results are based on 

simulation-based validation, they indicate the 

feasibility of the proposed diagnostic approach for 

sliding bearings operating in rolling mill drive 

systems rather than providing final industrial 

verification. The achieved classification 

performance and stable identification of critical 

states demonstrate the potential of integrating 

vibration and operational parameters with an 

interpretable Random Forest classifier. However, 

before industrial implementation, the proposed 

model requires further validation and calibration 

using extended real industrial monitoring datasets 

collected under different load, speed, lubrication, 

and wear conditions. 
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