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Abstract 

This study presents a novel approach to simulating and monitoring the dynamic performance of high-

speed bearings, a critical component in automated industrial production for system efficiency and safety. 

The newly developed theoretical framework allows for detailed analysis of dynamic responses in these 

bearings, especially under high-speed conditions. The Short-Time Fourier Transform (STFT) is used to 

capture time-frequency domain characteristics, while real-time condition monitoring is achieved 

through a deep learning-based Convolutional Neural Network, enhanced by a multi-head attention 

mechanism. This method enables managing large datasets, real-time surveillance, and accurate 

prediction of bearing conditions. Ultimately, this approach provides an innovative perspective for fault 

diagnosis and performance assessment of high-speed bearings in complex production environments. 
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1. INTRODUCTION 

In the realm of industrial development over recent decades, the evolution of automation and 

precision machinery manufacturing has been paralleled by the ascent of high-speed bearings as 

quintessential components within contemporary production frameworks [1-4]. These bearings 

have been broadly implemented in an array of sophisticated equipment, including but not 

limited to aero-engines, high-speed railway systems, and CNC machine tools, establishing 

themselves as foundational to the seamless operation of such apparatuses [5, 6]. It has been 

discerned that the operational characteristics of high-speed bearings are inextricably linked with 

the efficiency, stability, and durability of the machinery systems at large, thereby positioning 

the analysis of their dynamic performance as a topic of considerable engineering relevance and 

theoretical significance [7-9]. In response to the industry's stringent criteria for the 

dependability and serviceability of high-speed bearings, the pursuit of dynamic simulation 

analyses has been recognized as a field of critical research necessity. 

Simulation of dynamic performance has been acknowledged as a prescient technique for 

the prediction and diagnosis of potential issues in high-speed bearings, enabling the 

identification of faults prior to their manifestation and guiding maintenance personnel towards 

precise interventions [10, 11]. This proactive approach not only extends the service life of the 

bearings but also minimizes unplanned downtime in production lines, concurrently reducing 

maintenance costs and enhancing production efficiency [12-15]. Consequently, the simulation 

and analysis of the dynamic characteristics of high-speed bearings are not only imperative in 

the design and manufacturing phases but also constitute a vital component within modern 

production line maintenance and management systems [16, 17]. 

Existing studies, however, have been predominantly concentrated on macroscopic 

mechanical models and empirical formulas, with scant research delving into the intricate 

dynamics within bearings at a microscopic level [18, 19]. Conventional methodologies exhibit 

clear deficiencies in addressing the nonlinear and non-stationary signals generated by high-
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speed rotations, leading to simulations that diverge significantly from actual conditions [20, 21]. 

Moreover, the real-time aspect represents a substantial challenge, with previous research falling 

short of the requirements for real-time monitoring and rapid feedback of high-speed bearing 

dynamics. 

In response to these challenges, the mechanical characteristics and internal dynamic 

responses of bearings under high-velocity rotations have been simulated. Moreover, the 

employment of STFT, an advanced signal processing technique, has facilitated the effective 

extraction of time-frequency domain features under complex working conditions. These 

features are posited to precisely reflect and predict the operational state of the bearings. Finally, 

the introduction of an innovative, deep learning-based, real-time monitoring technique, which 

integrates multi-scale CNN with a multi-head attention mechanism, has significantly enhanced 

the efficiency and accuracy of the model in processing voluminous high-speed bearing data. 

The innovations and breakthroughs presented herein markedly advance the field of high-speed 

bearing dynamic performance simulation and offer robust technological support for their 

application in modern production lines, heralding profound industrial and research implications. 

2. TIME-FREQUENCY DOMAIN DYNAMIC FEATURE EXTRACTION 

OF HIGH-SPEED BEARINGS 

An in-depth investigation into the extraction of dynamic features in the time-frequency domain 

for high-speed bearings constitutes the initial phase of this research. Time-frequency analysis 

methods, such as the STFT, are employed to capture subtle changes and complex nonlinear 

behaviours in the rapidly changing operational environment of the bearings. Such feature 

extraction is capable of revealing details that may be overlooked in standard frequency domain 

analysis, including instantaneous frequency variations, regions of energy concentration, and 

their temporal evolution. These details are crucial for understanding and predicting the 

performance of high-speed bearings in actual working conditions. 

 

Figure 1: Structure of a bearing. 

Fig. 1 presents a schematic diagram of a bearing structure. The signals produced by high-

speed bearings during operation are typically non-stationary, with frequency characteristics that 

vary over time. The STFT applies a sliding window of short temporal width to the time-domain 

signal, enabling local Fourier Transform of the signal. This process not only yields the 

frequency components but also identifies the precise times at which these frequencies occur. 

Capturing and analysing transient features, impact responses, or fault signals in high-speed 

rotating bearings is of paramount importance. This research opts for the STFT to extract the 

dynamic features in the time-frequency domain of high-speed bearings, with a detailed 

description of the extraction process provided below. 

The STFT is utilized to analyse the frequency and phase content of signals that vary over 

time. This method involves segmenting a long-duration signal into shorter time segments, each 

multiplied by a sliding window function. Each segment can be considered as a quasi-stationary 
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state of the signal within that time frame, and Fourier Transform applied to each segment yields 

the corresponding spectrum. Thus, the STFT generates a spectrum for each short time segment, 

allowing observation of how the signal’s frequency changes over time. Assuming the complex 

conjugate is represented by *, the following equation defines the STFT of the signal x(y): 

( ) ( ) ( ) 


−

− −= yfeyyyxdtBHDY ydk

X

 2*,       (1)
 

The STFT encompasses both forward and inverse transformations. In time-frequency 

domain analysis, to fully reconstruct the original signal from the STFT, the window function 

and the overlap of the sliding windows must possess certain characteristics, such as meeting the 

Kolmogorov reconstruction condition. Hence, through the inverse STFT, the original dynamic 

signal can theoretically be reconstructed without loss. The reconstruction formula for signal x(y) 

is given as follows: 
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Upon integrating over frequency d, the result is: 
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The complete reconstruction of the dynamic motion signal of high-speed bearings is a 

process in which the original state of the signal can be accurately restored after time-frequency 

analysis. To achieve a complete reconstruction of the dynamic motion signal of high-speed 

bearings, the sampling frequency of the signal must satisfy the Nyquist theorem, and an 

appropriate window function must be selected with a rational design for the window overlap 

strategy, ensuring that o(i) = x(i). Assuming the analysis window is represented by ε(y), the 

composite window by h(y), and the dual window of the analysis window by ε*(y), then there is: 

( ) ( ) 1=
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Given that the signals processed by computers are discrete, the continuous STFT must be 

converted into a Discrete-Time Short-Time Fourier Transform (DTSTFT). This necessitates 

appropriate sampling of the signal and the selection of a sampling frequency to ensure the 

frequency content of the signal is adequately represented. Typically, this sampling frequency 

should be at least twice the highest frequency component in the signal, to avoid aliasing as per 

the Nyquist Sampling Theorem. Assuming the window function is denoted by q[l], the 

following defines the DTSTFT for the dynamic signal of high-speed bearings: 
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Supposing the length of the window is denoted by M, for the DTSTFT, the values of l should 

satisfy q[l] ≠ 0(0 ≤ l ≤ M-1). Outside the interval [0, M-1], q[l] = 0. Hence, the previous formula 

can be modified to:  

( )     lk

M
l

elqlbxbBHDY  −

−
=

+=

1
0

,       (6) 

In the DTSTFT, for each time window, the Fourier Transform's output is a set of complex 

numbers that represent the signal's frequency components and their phase information within 

that time window. These complex numbers are sampled equidistantly in the frequency domain, 

with the interval determined by the sampling frequency. The results are commonly represented 

as a time-frequency plot, which can be used to visually observe the frequency distribution of 

the signal over time. Assuming BHDY (b, μ) undergoes B equidistant frequency samplings, with 

the sampling interval denoted by μd = 2τd / B, then it follows that: 
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BHDY (b, d) is the Discrete Fourier Transform of the windowed sequence x[b + l] q[l]. Once 

the time-frequency plot is obtained, performing the Inverse Discrete Fourier Transform (IDFT) 

on the data for each time window enables the frequency components to be recombined, 

reconstructing the time domain signal segments corresponding to each time window. 

3. REAL-TIME MONITORING OF HIGH-SPEED BEARINGS BASED 

ON DEEP LEARNING 

Real-time monitoring plays an essential role in enhancing the stability of production lines and 

reducing unplanned downtime. Deep learning models are capable of autonomously learning 

profound representations of bearing conditions from complex time-frequency domain features. 

These representations are more abstract and refined than those of traditional monitoring 

methods, providing a more accurate reflection of the health status and potential failure modes 

of bearings. In this study, the nonlinear relationships between the motion signals of high-speed 

bearings at different operating times and their dynamic performance are deciphered through the 

powerful data processing capabilities of multi-scale CNN. Fig. 2 illustrates the flow for real-

time monitoring of high-speed bearings based on deep learning. 

 

Figure 2: Flow of real-time monitoring of high-speed bearings based on deep learning.
 

To fully harness the complex signals produced during the operation of high-speed bearings, 

the constructed deep learning-based model for real-time condition monitoring of high-speed 

bearings incorporates input data with four dimensions. These dimensions include the time 

dimension, depth/channel, and two spatial scale dimensions. Data of the time dimension are 

derived from continuous sensor signals monitoring the high-speed bearings, recorded over a 

defined time window. This dimension represents the duration of data collection, capturing the 

dynamic behaviours and trend variations of the bearing over time. It is crucial for understanding 

how bearing performance evolves, particularly for capturing periodic or transient anomalies. 

The depth/channel dimension data are sourced from multiple sensors or multiple features 

extracted from the original signals, such as vibration, acoustic emission sensors, and 

temperature sensors. This dimension can be perceived as the depth of features representing 

multiple extracted attributes from bearing signals, like different frequency components of 

vibration data, temperature, load, and other sensor data. Within the CNN context, this can also 
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be understood as the number of feature maps extracted by various filters, denoted as the channel 

count. Data pertaining to the spatial scale originate from STFT, which convert time-series 

signals into a spatially scaled feature representation. In the context of this study, this typically 

refers to the two-dimensional representation of features extracted from time-frequency domain 

analysis. These two dimensions represent time slices within a time window and the 

corresponding frequency components, thus forming a time-frequency spectrum. 

For the fine control requirements of the deep learning model training process in monitoring 

the dynamic performance of high-speed bearings, the adaptive gradient algorithm along with 

the RMSProp algorithm have been employed to adjust the learning rate of parameters. Let the 

learning rate be denoted by λ and the gradient by ∇M. The formula for updating parameters via 

gradient descent utilized by the model is given below: 

Mqq −=           (8)
 

The Adagrad algorithm, by assigning an independent learning rate to each parameter, 

enhances the model's performance on sparse data effectively. This proves particularly vital 

when handling the nonlinear and non-stationary features in high-speed bearing motion signals, 

which contain sparse but significant information on anomalies or failures. The adjustment is 

made as follows: 
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From the derivation above, it is understood that there is a problem where the Adagrad 

learning rate decreases monotonically over time, potentially leading to premature cessation of 

training. The RMSProp algorithm serves as an improvement to Adagrad by introducing a 

moving average of the squared gradient to adjust the learning rate, effectively addressing the 

aforementioned issue. The adjustment by RMSProp is as: 

( ) MMce yy −−= −  11
        (11)

 

To ensure that the model performs effectively and with high accuracy in monitoring the 

subtle dynamic characteristics of high-speed bearings, the decay method of the RMSProp 

algorithm is combined with the concept of momentum. The adjustment is therefore made as 

follows: 

( ) Mce yy −−= −  11
         (12)

 

( ) MMce yy −−= −  11
        (13)

 

Furthermore, bias correction is applied to variables cy and ey to eliminate the effects of bias: 
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In practical applications involving high-speed bearings, bearings are subjected to various 

loads, speeds, and temperature conditions. These conditions influence the vibration signal 

patterns of the bearings. Complex changes in operational conditions bring about diverse failure 

characteristics and noise, hence the need for a monitoring model with robust feature extraction 

and adaptability capabilities. To address the aforementioned challenges, a multi-head attention 

mechanism is incorporated into the constructed multi-scale CNN model. Fig. 3 presents the 

calculation flow of the multi-head attention mechanism. 
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Figure 3: Calculation flow of the multi-head attention mechanism. 

In the practical operational conditions of high-speed bearings, the multi-head attention 

mechanism allows the model to effectively distinguish and utilize complex signal 

characteristics that arise under different operating conditions, especially in vibration patterns 

under variations in speed, load, or temperature. This mechanism significantly enhances the 

model’s expressive capacity and diagnostic accuracy, particularly when dealing with bearing 

signals that exhibit rich time-varying features, which is crucial for the early detection of 

potential faults and anomalies. Fig. 4 presents the dynamic simulation analysis process for high-

speed bearings. 

 

Figure 4: Dynamic simulation analysis process for high-speed bearings. 

4. SIMULATION EXPERIMENT RESULTS AND ANALYSIS 

Fig. 5 presents the maximum slip rates of high-speed bearing balls under both uniform and 

variable velocity conditions. The slip rate is defined as the ratio of the sliding velocity of the 

ball relative to the raceway to its theoretical rolling velocity, an important metric influencing 

the wear rate and service life of the bearing. In Fig. 5 a, fluctuations in the slip rate over time 

are observed to be frequent but of small magnitude. Such fluctuations may be attributed to 

irregular contact between the balls and the raceway, arising from minor manufacturing 

imperfections or assembly errors within the bearing. The presence of these fluctuations 

indicates that even under uniform velocity conditions, the operation of the bearing is not entirely 

uniform, yet the overall magnitude of change remains limited, reflecting relatively stable 

dynamic performance. In Fig. 5 b, a significant increase in slip rate is observed under variable 



Zhang, Yang, Wang, Zeng, Zeng, Hua, Li: High-Speed Bearing Dynamics and Applications … 

707 

velocity conditions, particularly at the peak in the middle of the graph, indicating a considerable 

elevation in slip rate during speed transitions. Sharp peaks such as these may result from 

increased relative velocity differences between the balls and the raceway during acceleration or 

deceleration phases. Elevated slip rates may lead to accelerated wear of the bearing, thus 

monitoring and controlling slip rates in such states is crucial for ensuring bearing lifespan and 

performance. From these two graphs, it is evident that the model constructed in this study is 

capable of capturing the dynamic changes in slip rates of high-speed bearings under both 

uniform and variable speed conditions, proving the model's effectiveness. Notably, under 

variable velocity conditions, the model accurately identifies high slip rate events, which is 

highly beneficial in practical applications as it can aid engineers or maintenance personnel in 

identifying operational conditions that may lead to excessive wear or failure, allowing for the 

implementation of appropriate measures. 

   
a) Uniform velocity condition  b) Variable velocity condition 

Figure 5: Simulation curves of maximum slip rates of high-speed bearing balls. 

 

Figure 6: Simulated trajectory of the mass centre of a high-speed bearing. 

Fig. 6 depicts the simulated trajectory of the mass centre of a high-speed bearing. It is 

observed from the figure that the mass centre trajectory is not a single, regular shape but 

presents a complex and irregular path. This could imply the presence of dynamic imbalance or 

other forms of irregular motion during the bearing's operation. The demonstrated trajectory, 
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being varied and complex, may indicate the intricate interactions among the internal 

components of the bearing, such as changes in contact forces between the balls and the inner 

and outer races, or variations in lubrication conditions. The sensitivity of the mass centre 

trajectory is crucial for detecting the health status of the bearing. Any deviations from the 

normal trajectory could be indicative of potential issues, such as bearing damage or end of 

service life. The irregularity and complexity of the bearing's mass centre trajectory, as shown 

in the figure, suggest that the model constructed in this research is capable of capturing the 

subtle dynamic changes during the bearing's operation. The model effectively reflects the 

variations in the internal mechanical characteristics of the bearing, as well as possible changes 

in its health status. This capability is essential for predicting and diagnosing bearing failures, 

planning maintenance, and avoiding unplanned downtime and the associated cost expenditures. 

Fig. 7 presents the real-time status monitoring results for high-speed bearings under 

constant and variable speed conditions, illustrated by the estimation of Remaining Useful Life 

(RUL). The abscissa represents time in minutes, while the ordinate represents the normalized 

RUL values, with 1 indicating a new or fully functional state, and 0 indicating the threshold for 

failure. The real-time monitoring results displayed in Fig. 7 a, when compared with the baseline, 

indicate that the model is capable of closely following the actual equipment life curve, 

suggesting accurate predictive capabilities. Despite some fluctuations observed in Fig. 7 b, the 

RUL predicted by the model maintains a good consistency with the baseline. These fluctuations 

are likely due to the uncertainties and complexities introduced by variable speed operations in 

actual working conditions. Therefore, the model constructed in this study is effective in 

monitoring the real-time status of high-speed bearings and reliably predicting their RUL under 

both constant and variable speed conditions. Particularly under constant speed conditions, the 

model’s prediction aligns almost perfectly with the actual life, and even with fluctuations under 

variable speed conditions, the model still captures the trend and makes reasonable predictions. 

   
a) Uniform velocity condition  b) Variable velocity condition 

Figure 7: Real-time status monitoring results for high-speed bearings. 

The study further incorporates real-time status monitoring techniques based on deep 

learning, employing a multi-scale CNN combined with a multi-head attention mechanism. This 

model is designed to efficiently process a vast array of data, thereby enabling the real-time 

monitoring and accurate prediction of bearing status. Fig. 8 illustrates the instantaneous 

frequency prediction results for high-speed bearings under varying operational time conditions. 

The figure presents two curves; the measured values (depicted by the blue dashed line) and the 

predicted values (depicted by the red solid line). It is observed from the figure that the predicted 

curve closely follows the general trend of the actual measured curve, indicating that the model 

is capable of capturing the trend of bearing instantaneous frequency changes over time 

effectively. For the majority of the operational duration, the predicted values remain in close 
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proximity to the measured values, with only slight deviations at certain points. These deviations 

could be attributed to the model's precision, noise within the data, or the non-linear 

characteristics present under bearing operational conditions. There has been no significant 

decrease in prediction accuracy over time, suggesting that the model is stable and reliable. The 

close correspondence between actual and predicted values, as depicted in the figure, 

demonstrates the robust modelling capability of the constructed model and its high predictive 

accuracy for the behaviour of high-speed bearings. Such performance of the model is crucial 

for real-time monitoring and fault diagnosis of high-speed bearings, ensuring their normal 

operation and timely detection and prevention of potential failures. 

 

Figure 8: Instantaneous frequency prediction results for high-speed bearings under varying operational 

time conditions. 

Table I: Performance of high-speed bearing real-time condition monitoring models for different models. 

Model MAE RMSE Time (s) 

Prior to the introduction of the adaptive gradient algorithm 12.895 13.887 71.564 

Prior to the introduction of RMSProp algorithm 2.235 7.286 64.586 

Prior to the introduction of multi-head attention mechanism 15.962 16.968 55.362 

The proposed model 1.296 0.985 53.287 

 

Table I presents a comparative analysis of the performance of various models in the task of 

real-time condition monitoring of high-speed bearings, including MAE, RMSE, and model 

execution time. Significant reductions in both MAE and RMSE were observed for the proposed 

model compared to models without the implementation of the adaptive gradient algorithm and 

the RMSProp algorithm, indicating that improvements in optimization algorithms have a 

significant positive impact on accuracy. The introduction of the multi-head attention 

mechanism led to a substantial decrease in the values of MAE and RMSE, demonstrating the 

mechanism's significant enhancement of the model's ability to recognize complex data patterns, 

thereby improving predictive performance. The analysis underscores the marked improvement 

of the study's model over several other models in terms of error metrics, and a reduction in 

execution time while maintaining or even enhancing accuracy. The notable decrease in MAE 

and RMSE underscores the model's high accuracy and reliability, while the shorter execution 

time suggests the model's suitability for real-time monitoring scenarios. Thus, the efficacy of 

the proposed model is emphasized, displaying superior performance in the real-time condition 

monitoring of high-speed bearings. 
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5. CONCLUSION 

This study has been concentrated on the condition monitoring and performance prediction of 

high-speed bearings, with a particular focus on their behaviour under constant and variable 

speed conditions. A deep learning model has been constructed through a series of experiments 

and analyses, employing a multi-scale CNN and a multi-head attention mechanism to enhance 

the capability of processing vast amounts of data and achieving accurate predictions. The 

maximum slip rate of bearing balls, under both constant and variable speed states, has been 

quantified through experimental methods. Analyses of provided diagrams indicate greater 

fluctuations in slip rates under variable speeds, underscoring the importance and complexity of 

bearing condition monitoring under varying operational conditions. Analysis of mass centre 

trajectory diagrams has revealed the dynamic characteristics of bearings during operation, 

elucidating the dynamic stability and potential non-linear features of bearings. Simulation 

results have demonstrated that the deep learning model is capable of real-time condition 

monitoring of high-speed bearings, with synthetic time-frequency diagrams showing 

improvements in accuracy over conventional time-frequency representations. A comparison of 

different models' performances has shown that the model described herein exhibits lower errors 

and shorter execution times across various metrics, indicative of its superior predictive 

capabilities and efficiency. Significant improvements in evaluative metrics such as RMSE and 

MAE, along with the accuracy and real-time nature demonstrated by the experimental data, 

emphasize the effectiveness of the constructed model. 

The research detailed in this article has experimentally validated the efficacy and reliability 

of the proposed model. Its performance in terms of accuracy, efficiency, and real-time 

monitoring capabilities attests to its potential application in the field of high-speed bearing 

condition monitoring. The employment of a multi-scale CNN has enhanced the ability to 

analyse time-frequency data, while the multi-head attention mechanism has improved the 

capture of significant features within the data – both key factors in the model's high-

performance realization. Overall, the deep learning model established in this article offers an 

efficient and accurate solution for the health monitoring and maintenance of high-speed 

bearings, which is of significant relevance for practical industrial applications. 
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