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Abstract: Smart fault diagnosis of bearings is of great significance due to their extensive 

applications on various occasions. Recently, self-powered sensing technology based on 

triboelectric nanogenerators promotes the development of intelligent bearings. However, the 

effective detection and recognition of the rolling element defects of bearings need to be 

investigated further. This study proposes a triboelectric sensor-embedded rolling bearing (T-

bearing) to monitor the working conditions and conduct the defect diagnosis of rolling balls. The 
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interdigitated copper electrode covered by polytetrafluoroethylene film is attached to the inner 

surface of the outer ring of a commercial bearing. Such a design not only directly forms the TENG 

with rolling balls to obtain the contact-sensing signals, but also successfully achieves the diagnosis 

of rolling ball defects with similar triboelectric signals through a novel analysis and prediction 

paradigm combining signal decomposition and automated machine learning. Finally, a recognition 

accuracy of 99.48% with five different conditions of bearing balls is reached, which is extremely 

superior to the highest accuracy of 78.34% without signal decomposition. Thus, this study provides 

a new strategy for the defect diagnosis and the intelligent application of triboelectric bearings. 

 

1. Introduction 

Bearings, which serve as a vital component in industrial and daily life applications, plays a 

crucial role in the long-term reliable operation of the rotating machinery [1, 2]. Economic losses 

or even human casualties would be bought out in addition to significant disruptions of the 

performance and lifetime of the machinery once failures of bearing emerge. The failures of the 

bearing may be caused by fatigue, insufficient lubrication, contamination, etc. [3]. Researchers 

embedded sensing nodes into the housing for self-sensing to achieve intelligent bearing as early as 

1990s [4, 5]. Real-time working condition monitoring of the bearing and abnormal condition 

detection is achieved by the sensor arrangement and data processing method to some extent. Since 

then, a few intelligent bearing prototypes have been presented with the development and broad 

application of the Internet of Things (IoT) and big-data processing technologies. However, these 

bearings require the additional sensors and systems, which increases structural complexity and 

relies on external power supply, limiting their large-scale application. 
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Triboelectric nanogenerator (TENG), based on the contact electrification and electrostatic 

induction, can effectively convert mechanical energy into electrical energy, has gained obvious 

technology evolution since it was proposed one decade ago [6]. Because of the high sensitivity to 

the mechanical excitation, triboelectric sensors have become the most popular and promising 

research trend for practical applications. The output of TENG can respond quickly to variations in 

the testing condition, such as vibration frequency [7], flow velocity [8], and rotating angle [9]. 

Furthermore, triboelectric sensors that can generate sensing electrical signals independently have 

unique advantages in a limited energy supply [10]. Therefore, the rolling-type free-standing layer 

TENG with comparable movement mode has been developed as a self-powered bearing to sense 

the rotation [11-13]. Driven by the practicality, some triboelectric sensors designed for real 

bearings are proposed [14-17]. Han et al. [14] pasted interdigital electrodes on the bearing’s outer 

ring to maintain the structural integrity of the bearing. Gao et al. [15] and Jiang et al. [16] set 

interdigital electrodes on the bearing end cover to ensure compact structure of the proposed 

bearings. Gao et al. [17] coated the steel shaft with Si-incorporated diamond-like carbon films for 

a commercial metal-polymer plain bearing to keep the super durability and load capability. These 

designs play an important role in promoting the application of triboelectric technology on the 

bearings. 

At present, the function of most sensors is realized by analyzing the time-domain data of the 

collected sensing signals, usually by the magnitude and frequency [18, 19]. But this preliminary 

analytics approach may lose important features hidden in the sensing signals, such as the weak 

fluctuations caused by the faults. To extract the full sensory information, advanced artificial 

intelligence (AI) technology using machine learning (ML)-assisted data analytics can be applied 

[20, 21]. Zhao et al. [22] designed a highly sensitive triboelectric vibration sensor to monitor the 
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operating conditions of a mechanical gear system, reaching a recognition rate of 99.78 % with the 

frequency-domain signals from several fault conditions of the gearbox. Han et al. [23] obtained 

the fault characteristic frequency of the TENG output current when the triboelectric rolling bearing 

has the component faults. By utilizing ML algorithms, the classification accuracies can exceed 

92%. Jiang et al. [16] proposed a ribbon-cage-based triboelectric bearing to perform the fault 

diagnosis of gears and bearings, and the classification accuracy can exceed 90% combined with 

the time-frequency transformation and deep learning (DL) algorithm. Especially, Gao et al. and 

Choi et al. were concerned about the monitoring of rolling elements in their works [13, 17]. Gao 

et al. [17] developed a triboelectric metal-polymer plain bearing and demonstrated a way for 

identifying bearing lubrication states, with the test accuracy reaching 99.11%. Choi et al. [13] 

presented a triboelectric roller-bearing, which determines the differences in the electrical signals 

depending on the removed rollers, realizing the accurate monitoring for the number and positions 

of rollers. These researches establish the feasibility of self-diagnosis of triboelectric bearings aided 

by AI technology. 

Although the TENG-based bearing sensors have been applied to various condition monitoring, 

the exploration of the rolling element detection of bearings is less. As a vulnerable component 

[24], the accurate diagnosis of rolling element defects is critical for the lifespan prediction and 

health monitoring of bearings. However, it raises a challenge to identify the partial defect of the 

rolling balls due to the similar output signals of triboelectric bearings in this case. While rolling, 

the bearing balls are also affected by the cage or inner and outer rings. Therefore, to obtain the 

defect information and distinguish the similar signals is valuable to be investigated further. 

Herein, we directly install triboelectric assemblies in a commercial rolling bearing (T-bearing) 

to sense the defect of rolling balls and apply it to the fault diagnosis of bearings. Ensuring the 
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sufficient contact between the rolling ball and the triboelectric layer to obtain the contact-sensing 

signals is the key basis for detecting its defects. In this design, the flexible interdigitated copper 

electrodes covered with polytetrafluoroethylene (PTFE) dielectric film are attached to the inner 

surface of bearing outer ring as the triboelectric sensing layer. When the bearing rotates with the 

shaft, the electrical signal will be generated by the triboelectrification between the PTFE film and 

the steel balls, then output through the interdigitated electrodes. The direct contact between the 

steel ball and the sensing layer is more conducive to the contact electrification of the two mated 

friction pairs [25], resulting in a stable electrical signal with complete sensing information, which 

improves the sensitivity of T-bearing for the ball state change. To increase the SNR, the output 

voltage signal is determined to be utilized in this study. Even more, we firstly introduce a signal 

decomposition algorithm to extract features of the similar time-domain electrical signals caused 

by the ball defects. And ML is ordered to train these feature components containing fault 

information to classify and identify various defects. Combined with two algorithms, five kinds of 

working conditions of bearing balls are successfully detected and identified. The results show that 

the classification accuracy through extracting fault features by signal decomposition algorithm 

achieves more than 99.48%, which is much higher than that only by ML classification accuracy of 

the original signal of 78.34%. This study verifies the feasibility of triboelectric technology for 

bearing rolling element defect detection and the potential of AI algorithms in enhancing the 

precision of triboelectric sensors, thus showing excellent application prospects in the field of 

intelligent bearing. 

 

2. Results and discussion 

2.1. Structure and Working Principle of the T-bearing 
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The actual image of the T-bearing is shown in Figure 1(a). The fabricated subject is a 

POM6310-type deep groove ball bearing, which provides a ready operation environment for the 

triboelectric assemblies [26]. Figure 1(b) shows the matching of the triboelectric sensing layer 

with the bearing to fabricate the prototype T-bearing. The triboelectric sensing layer, consisting of 

interdigitated copper electrodes and PTFE dielectric film, is the key to monitor rolling steel balls 

and sample electrical signals. As shown in Figure 1(c), the copper electrodes are attached to the 

inside of the outer ring and PTFE film is covered on the electrodes. The number of interdigitated 

copper electrodes is designed to be twice rolling steel balls and keep uniform distribution to ensure 

the maximum stable output of T-bearing [12]. As can be seen in the assembled and exploded views 

in Figure 1(b) and (d), the T-bearing is constituted of six parts, which are outer ring, inner ring, 

cage, rolling steel balls, PTFE dielectric film and interdigitated copper electrodes. 

The inner ring of T-bearing rotates with the rotor, and the outer ring is fixed with the base. The 

cage can guide the movement of rolling balls, improve the internal lubrication of the bearing, and 

prevent the ball from falling off. Most of all, the cage evenly separates the rolling balls, so that 

each steel ball can roll normally between the inner and outer rings. Inner and outer rings, rolling 

balls and cage are the main components of a mechanical rolling bearing, which retain the structural 

integrity of T-bearing. The PTFE film and copper electrode are pasted on the inner surface of the 

outer ring, and form a rolling-type freestanding mode TENG with the steel balls, which can 

generate the most direct triboelectric signals that can reflect the defects. The thickness of the entire 

additional structure is 0.14 mm, it will be reduced if more suitable materials are available. The 

radial clearance of the original bearing is measured and confirmed to be 0.23 mm. The additional 

structure can be accommodated and does not hinder the normal operation of the bearing. Due to 

the forced extension of the flexible sensing layer, it fits more closely with the outer ring after the 
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steel ball rolled, and its thickness can be further reduced. The structural parameters of the 

fabricated T-bearing, as shown in Supporting Information Figure S1, are listed as follows: pitch 

diameter Dm = 72.36 mm, inner ring diameter Di = 50 mm, rolling ball diameter Db = 11 mm and 

contact angle α = 0°. The number of balls is Nb = 11. The number of interdigitated electrodes is Ne 

= 22 and the width is We = 3mm. 

The working principle of T-bearing is demonstrated in Figure 1(e) and (f). Here, we idealize 

that steel balls are equidistant from each other by the isolation of the cage opening, and those balls 

are all aligned with the bottom copper electrode A or electrode B, which represent a pair of 

interdigitated electrodes. At the original stage i, after sufficiently contacting with the steel balls, 

the PTFE film is prone to get negative charges uniformly-distributed on the surface, leaving net 

positive charges on the steel balls, since PTFE is more triboelectrically negative than steel [27, 

28]. At this moment, for balancing the potential, positive charges are electrostatically induced on 

electrode B without steel balls docking. The rotating of charged steel balls will propel charge flow 

from electrode B to electrode A through the external circuit, as displayed in stage ii, until a new 

electrostatic equilibrium is reached at stage iii. When the balls continue to rotate, charges move 

back from electrode A to electrode B, which is illustrated in stage iv, until returning to stage i 

again. Thus, an alternating current is generated in these cycles. The design of interdigitated 

electrodes facilitates the periodic charge for electricity transfer during the continuous rotating [12]. 

A recent report has pointed out that the attachment of a dielectric layer onto the electrode does not 

alter the changing trend of the electrical output [29]. It is worth mentioning that, although there is 

also a difference in electronegativity between steel and copper [30], the charge can be separated, 

but not as well as steel and PTFE. The selection of the covered PTFE dielectric film is also for 

special consideration, it not only provides insulation protection for the interdigitated electrode and 
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improves lubrication conditions in this design, but also has a mature production base in industry. 

The PTFE coating has been widely used as the self-lubricating layer of bearing inner wall because 

of its low friction coefficient, high temperature stability and excellent chemical resistance [31, 32]. 

Encouragingly, the ultra-wear-resistant triboelectric materials dedicated to bearings by Choi’s 

group will make the combination of metal and polymer show a practical application prospect [17, 

33]. 

 

Figure 1. Structure and working principle of the T-bearing. (a) Actual photograph and (b) 

assembled view of the T-bearing. (c) Detailed photograph of the sensing layer. (d) Exploded view 

of the T-bearing. (e) Structural scheme and (f) working mechanism of the triboelectric sensing. 
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2.2. Electrical Characteristics and Output Performance of the T-bearing 

The above charge flow process can be explained as the potential change between electrode A 

and B when the positively charged ball passes through under open circuit conditions. To verify the 

analyzed principle and visualize the voltage change of the T-bearing, the finite element method is 

employed to simulate the open-circuit voltage (VOC) that varies with the rotation angle through 

COMSOL Multiphysics software. The simulated modeling restores the size of the actual T-

bearing, which consists of eleven steel balls, a circle of PTFE layer and eleven pairs of 

interdigitated electrodes (each pair includes an electrode A and an electrode B), as shown in Figure 

2(a). The outer and inner ring are replaced by the air area. The potential distribution of the whole 

simulation model in the original stage is then displayed in Figure 2(a). For a clear view of the 

continuous simulation process, Figure 2(b) shows the results of different stages corresponding to 

Figure 1(f) under the open-circuit condition. Within each step, the steel balls rotate 1 degree 

around the center of the bearing. Initially, as shown in stage i, a uniform distribution of negative 

charges on the PTFE layer, positive charges on the steel balls and electrode B. In the open-circuit 

condition, as the charges cannot transfer between electrodes without the load, the VOC is defined 

as the electric potential difference between the two electrodes [34]. From this, electrode B obtains 

the maximum voltage while electrode A gets the minimum, resulting in the minimum output VOC 

in the external circuit. With the rolling of steel balls caused by the rotating, the potential difference 

will increase to zero when the steel balls move from the original stage through 8° shown in stage 

ii. Then, in stage iii, the steel balls are brought to the position of electrode B after 16 steps, thus, 

the separation of the opposite charges will induce the maximum positive potential difference 

between electrode A and electrode B. Reversely, the potential difference decreases from the 16th 
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to 24th unit step (stage iv). Just as shown in Figure 2(b), since the charges cannot really transfer 

in the simulation, the potential change of electrode A with the rotation of the steel balls is measured 

to refer to the change of VOC. Figure 2(c) shows the qualitative relationship of the simulated VOC 

with the rotation angle of steel balls. After sixteen unit steps (rotation angle=16°), the highest 

potential differences are generated for both of the two structures from electrode A to electrode B. 

The simulation covers the entire one-circle rotating process that starts off from the initial position 

that the steel balls overlap with electrode A to the second position overlaps with electrode B, 

alternatively, until the end position that the steel balls rotate again to the initial position and overlap 

with electrode A, totally 360°. In the whole process, since eleven steel balls together (carried by 

the cage in real) pass through electrode A for a total of eleven times, and through electrode B for 

eleven times, theoretically the VOC oscillates eleven times, as shown in Supporting Information 

Figure S2. 

To characterize the electrical output performance of the T-bearing, a motor-driven rotor system 

with adjustable speed controlled by a frequency converter is established, as demonstrated in 

Figure 2(d). The T-bearing and two companion bearings are installed on the main shaft, driven by 

the motor through the coupling. The T-bearing outer ring is mounted and fixed on a specially 

designed bearing chock to keep it in the center of the shaft. The electrical signal of the T-bearing 

is conducted by two wires connected to electrode A and electrode B. The signal acquisition flow 

is illustrated in Figure 2(e), the output signal is measured by the electrometer and then transferred 

to the computer through a data acquisition (DAQ) unit. Firstly, the VOC of T-bearing is acquired 

under the constant operating condition as the motor rotation speed is 60 rpm. As shown in Figure 

2(f), the waveform of VOC oscillates with rotation as simulated (Figure 2(c)). However, due to the 

large noise interference (fAC=50.33 Hz) from the power supply of the test system, the main 
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waveform of measured voltage is doped with higher-frequency fluctuations at a low rotation speed. 

Similar phenomenon is also mentioned in other works [14, 35, 36]. Subsequently, the 

measurements are performed under different rotation speeds. When the speed rises, the centrifugal 

force of the balls will overcome gravity, making close contact with the PTFE layer all the time 

[35], and the waveform of the voltage signal becomes smooth. Crucially, the impaction of the two 

matched triboelectric surfaces further enhances the contact perception [17]. The variation in the 

output waveform of VOC is provided in Supporting Information Figure S3 as the motor rotation 

speed varies from 60 to 600 rpm, respectively. According to the electric-generation mechanism of 

the freestanding mode TENG [34], the frequency of voltage waveform fVoc is expressed as follows: 

OCV cagef N f=    (1) 

where N=11 is the number of interdigitated electrode pairs, and fcage is the rotation frequency of 

the cage. Because being not fixed with the inner ring, the cage is not synchronized with the motor 

strictly. Considering the pure rolling mode, the relationship between the cage rotation frequency 

and inner ring rotation frequency finner can be calculated as follows [14, 16]: 

1
(1 cos )

2

b
cage inner

m

D
f f

D
= −   (2) 

As a deep groove ball bearing, α=0°. Substituting the structural parameters of T-bearing into 

Equation 2 yields fcage=0.43·finner. Figure 2(g) shows that the VOC increases from 29.5 to 40.7 V 

with the rotation speed increasing from 60 to 480 rpm, indicating a slow rising tendency. The main 

reason is that the contact area between the steel ball and PTFE film enhances in the wake of larger 

centrifugal force under higher rotation speed, which could also be found in the reference [16, 35]. 

Once exceeding 480 rpm, obviously, the stronger vibration is produced by the rotor system at 

higher speeds, affecting the running stability of the rolling element, resulting in weakened 
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electrostatic induction, which cause a decline in the VOC, and the deterioration of signals can be 

known by the increase of error bars. This critical speed region can be verified by the previous 

reported triboelectric bearing [15]. The tested T-bearing has operated continuously for about 214 

seconds at 480 rpm, over 1700 cycles, which still maintains a stable voltage output displayed in 

Supporting Information Figure S4. A cycle is when the main shaft driven by the motor turns 

around once. Finally, through all tests by one prototype, after running more than 31k cycles under 

different operating conditions, the voltage signal output has no obvious difference from the 

original signal, as shown in Figure 2(h), thus proving the excellent durability of the T-bearing. 

Jo
ur

na
l P

re
-p

ro
of



 13 

 

Figure 2. Theoretical model and experiment process of the T-bearing with rolling type free-

standing mode. COMSOL simulation of (a) the initial setup and (b) periodic potential change 

between electrodes of the T-bearing. (c) Simulated VOC in one circle rotating process. (d) 

Photograph of the measurement platform. (e) Flow of the data acquisition. (f) Measured VOC of the 

T-bearing with the motor rotation speed of 60 rpm. (g) VOC under different rotor speeds. (h) 
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Comparison of the original signal and the voltage signal after working 31859 cycles from the T-

bearing. 

 

Because the triboelectric signals can respond quickly to external changes, for severe abnormal 

stimuli, such as the start and stop of the excitation source [37], the mutation of the vibration 

frequency [22] or the rotation speed [35], some studies can successfully distinguish, including the 

related works of triboelectric bearings [14-16]. However, the research on the defect of bearing 

balls still needs to be improved. Here, the partial deletion of the sphere was introduced into and 

set as the rolling ball defect. The actual photographs of the defects on the steel balls are displayed 

in Supporting Information Figure S5. For the proposed T-bearing, the interdigitated electrodes 

will induce 22 times with the balls rotating a circle around the bearing center, which can easily 

record the change of ball’s rolling state caused by its own morphology [12]. The fault details will 

be reflected in the time-domain signals and frequency-domain signals. In this study, the voltage 

signals from the T-bearing under 1 normal condition and 4 different fault conditions (one ball 

defect, two balls defect in opposite position, two balls defect in adjacent position, and PTFE 

dielectric film damage) with the highest stable speed of 480 rpm are collected as the original data 

to carry out the research. Considering that the sensing layer faces the risk of being worn by the 

steel balls, in addition to the ball defects, the extreme fault of the PTFE film damage is specially 

set up. And the signal samples belonging to 5 conditions are shown in Figure 3(a) to (e). The 

partial defects of steel balls are not enough to delay the rotation of the T-bearing but will cause the 

collected voltage signal similar and confusable. 

The Pearson correlation coefficients between the datasets of four voltage signals are analyzed 

in Figure 3(f). The correlation heat map summarizes the strength of linear relationship between 
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the voltage signals [38]. The results show that four voltage signals are positively correlated with 

each other. Among them, the signals corresponding to normal condition, one ball defect and two 

balls defect in opposite position are with highly correlations (red area), and the coefficient is 

greater than 0.9, which are defined as the similar signals. As can be proved from the Pearson 

correlation of the similar signals, except in the extreme case with a broken dielectric layer, when 

the rotation speed is same and the sphere shape is changed little, it is difficult to recognize the 

difference between the time-domain signals from normal and ball defect conditions intuitively, nor 

the commonly used time-frequency transformation of the fast Fourier. It is worth mentioning that, 

the time length of the transformed original signal determines the resolution of the frequency, which 

will bring deviation in short-term and unfixed sampling [39]. In addition, whether it is a long-time 

data record or multiple repeated tests of the same TENG-based sensor, the signal offset and 

amplitude change are both common and unavoidable through the existing measurement methods. 

The offset of one experimental record is displayed in Supporting Information Figure S6. After 

two minutes of continuous measurement, the positive peak value of the voltage signal is shifted 

from 24 V to 42 V. The offset of multiple experiments can be seen by the different ranges of peak-

to-peak values from each waveform shown in Figure 3. Most obviously, the normal voltage signal 

has been offset for a long time, ranging from -250 V to -200V. But the signal range corresponding 

to the two balls defect in adjacent position is 70 V to 110 V. Therefore, the defect diagnosis simply 

through the original signal, frequency and amplitude is unreliable [18]. 
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Figure 3. Time and frequency-domain comparison of voltage signals of the T-bearing with 

different faults: (a) normal, (b) one ball defect, (c) two balls defect in opposite position, (d) two 

balls defect in opposite position, and (e) PTFE dielectric film damage. (f) Correlation heat map of 

the similar signals. 

 

2.3. Analysis and prediction framework for triboelectric signals 

More and more attempts in mechanical fault diagnosis have proved that intelligent diagnosis 

methods combined with AI may replace time-consuming and unreliable human analysis, 

increasing the efficiency of diagnosis [22, 40]. Researchers have introduced ML, a common AI 

technique, into the field of fault diagnosis [41]. As a data-driven method, it has the advantage of 
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focusing only on the relationship between inputs and outputs without having to think too much 

about the physical processes involved. In ML, the input containing data type and data length, and 

the output are related to two most critical tasks. The output is directly determined by the prediction 

task for regression or classification. For example, in a regression task, the output predicted by the 

model is a series of values, which have the same physical meaning as the input data. And in a 

classification task, the output is a label that generally indicates the physical phenomenon or pattern 

behind the data. The input of the model affects its prediction performance. The existing prediction 

paradigm is basically using the collected original signal, and artificially setting a fixed value as 

input directly. This approach does not take the data heterogeneity into account, and the model 

cannot capture the key information. At the same time, in the field of mechanical fault diagnosis 

research, it usually belongs to the application of a single algorithm or model. However, no 

algorithm or model can perform well on all kinds of data. Because even after hyper-parameter 

optimization, the architecture capability of a single model is limited. 

Herein, for the first time, the Seasonal and Trend decomposition using Loess (STL) and 

Automated machine learning (AutoML) are introduced to propose a new paradigm for the analysis 

and prediction of triboelectric signals. Bayesian optimization (BO) is also first applied to the 

dynamic optimization of the triboelectric signal recognition, which dynamically selects the best 

input length (number of sample points) and data features (data components). Specifically, STL is 

used for signal decomposition, AutoML is used for model prediction, and BO is responsible for 

optimization strategy. 

The time series decomposition method STL is based on locally weighted scatterplot smoothing 

(Loess), which’s core idea is to use Loess to smooth the time series data for decomposing into 

additive components, including seasonal, trend and remainder [42], as shown in Figure 4(a). To 
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be specific, STL is made up of inner loop and outer loop, the inner loop is nested inside the outer 

loop [43]. The main steps of inner loop are seasonal smoothing and trend smoothing, after which, 

the trend values Tt and seasonal series St are got from the original values Yt. And the remainder 

series Rt can be calculated according to Equation 3: 

t t t tR Y T S= − −   (3) 

Subtracting seasonal components from the original data, the results are smoothed with Loess, and 

the trend is obtained. The rest is remainder component. The mathematical details can be found in 

Supporting Information Note S1. As shown in Figure 4(b), the original voltage signal is 

decomposed into three component features, and the dimension of data is extended from one to 

three. The seasonal component is regular changes in the development of phenomena caused by 

seasonality. The trend component refers to a trend or state of continuous development and change 

of phenomena over a long period of time. The irregular fluctuation in the remainder component 

refers to the influence of many accidental factors on time series. The components will bring more 

obvious defect-related features, rather than blindly adding the input of original signals. The 

features obtained from the post-processing are helpful for the model classification. 

However, which feature is more helpful to the model performance among three components 

could not be determined at first. And it is also impossible to train for each existing situation, that 

is, the permutation and combination of three feature components and different input data lengths. 

Therefore, the BO algorithm is applied to optimize this problem and construct a new paradigm for 

electric signal analysis and prediction based on it. 

BO is an iterative method for optimizing black-box functions, in which, the optimization 

problem is transformed into an inference of the probability model. Specifically, a prior distribution 

is advanced to represent the prior knowledge of the objective function, and updated by 
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continuously observing the value of the objective function to obtain a posterior distribution. The 

posterior distribution can be used to estimate the optimal solution of the objective function and 

guide the next optimization. The core of the BO algorithm is to select a point in each step to explore 

or utilize. The acquisition function balances exploration and utilization, and determines the 

location of the next exploration point. In this way, the algorithm can continuously explore new 

potential optimal solutions, and can also use the existing information to guide the search direction. 

As a further principle explanation in Figure 4(c), a randomly generated one-dimensional 

objective function, which is represented by green line, is optimized, and its global maximum is 

found. First, some sample points represented by red dots are initialized for cold start. Then we 

make a priori assumption on the unknown objective function distribution, as displayed in blue 

dotted line. The priori assumption usually chooses the Gaussian distribution, for it is the most 

widely used probabilistic surrogate model [44]. The blue shadow represents the confidence 

interval. Using expected improvement (EI) as the acquisition function, the value of the function is 

a dimensionless number, which indicates what points are more worth exploring. After the 

acquisition function gives the next most promising exploration point (black point), it is input into 

the objective function to obtain the return value. At the same time, the posterior distribution is 

modified to further moves closer to the objective function distribution. The optimal parameters 

obtained by optimization are output through iterations. Jo
ur

na
l P

re
-p

ro
of



 20 

 

Figure 4. Analysis and prediction of triboelectric signals. (a) Schematic diagram of STL 

decomposition process. (b) Three feature components of the T-bearing voltage signal decomposed 

through STL. (c) Visualization of BO process. (d) Direct-Recursive forecast framework consisting 

of AutoML and BO of lag features length. 

 

Furthermore, AutoML, which is a novel model set paradigm, is applied for prediction model. In 

a given computing resource, i.e., time and hardware environment, the training and hyperparameter 

optimization of multiple models are automatically constructed, and the best model is returned 

according to the performance. It’s worth noting that the training is highly automated, which is one 
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of the greatest advantages. After setting the stop index, the best model and corresponding 

hyperparameters are explored. 

Based on STL, AutoML and BO, a new framework for the prediction of triboelectric signals is 

firstly proposed. As shown in Figure 4(d), the BO algorithm is employed to dynamically optimize 

the input data length. The advantage of BO is that it does not need to exhaustively combine, but to 

explore the best parameter combination in as few times as possible. The search range of an input 

data length is first specified. The BO algorithm specializes in adjusting the length value, and then 

the corresponding data set is created. Among the seasonal, trend and remainder components 

decomposed from the original electrical signal through STL, only one is considered as the input 

data of the model, so the optimization of three components is discrete. Within each component, 

the input data length is continuously optimized. Then, AutoML serves as the prediction model to 

evaluate and return the metric value to BO. Through iterative optimization, the best input length 

and data features are dynamically selected by the BO algorithm. 

 

2.4. Bearing Ball Defect Diagnosis with the T-bearing 

Aiming at the acquired voltage signal data of T-bearing, the required parameters and settings 

before optimization should be specified. In this study, the voltage data was recorded with a 

sampling frequency of 500 Hz. One cycle voltage signal contains 15 sample points. Corresponds 

to select 4 to 20 signal cycles, the input data length is searched from 60 to 300 sample points. 50 

sample points are initialized for cold start by the Latin Hypercube sampling method [45], and the 

number of iterations to 50 is set initially. The AutoML training time is set to 10 minutes and the 

stop indicator is log loss. All the trained models are sorted according to the mean per class error to 

get the model leaderboard. And the mean per class error is returned to BO as an evaluation index 
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of the parameter. Distributed Random Forest (DRF), Extremely Randomized Trees (XRT), 

Generalized Linear Model (GLM), Gradient Boosting Machine (GBM), Extreme Gradient 

Boosting (XGBoost), Deep learning (DL) and Stacked ensemble (SE) models are selected as the 

candidates for automated training. 70% of the data is used for training, 10% of which is used to 

optimize model parameters. 10% of the data is used for validation to generate the model 

leaderboard. 20% of the data is used to test the best model in leaderboard. 

The visualizations of the1st, 25th and 50th iterations are exhibited in Figure 5(a)-(c), in which 

the processes of approximating the object function distribution and the state of the acquisition 

function are shown together. The red dots represent initialization. The blue squares represent points 

that have been explored before. The black triangles represent the most promising points to explore. 

It can be seen that after several iterations, the acquisition function gradually approaches the 

distribution of the objective function. Through comparing the object function, it is obvious that the 

remainder component is the greatest one to get the best prediction performance, while the trend 

component presents the worst. Exploring its source, for the voltage signal data of this study, as 

shown in Figure 4(b), the seasonal component reflects the main movement of the ball, that is, the 

rotation around the shaft on the electrodes. The trend represents the deflection of the current signal 

range over a long period of time. On short datasets under constant speed, the above two 

components are similar, cannot provide representative information for different work conditions. 

The occasional anomalous observations do not affect the estimation of the trend and seasonal 

components, but ultimately, they will be counted in the remainder [46]. In theory, the remainder 

contains the fault information. Comparing the original data, because the redundant similar 

components are subtracted, the fault features are more prominent, which is helpful for the feature 

selection of the AutoML model. 
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Figure 5. Processes of approaching the object function and state of the acquisition function. 

Visualization of (a) the 1st, (b) 25th and (c) 50th iterations. 
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More intuitively, the model accuracies of each feature component under different input data 

length are shown in Figure 6(a). It can be clearly seen that the selection of feature components 

and input data length has a great influence on the prediction performance of the model. 

It is worth noting that the above conclusions are the verification results obtained by exhausting 

all possible permutations and combinations as much as possible. In the dynamic optimization 

process, the proposed optimization framework does not determine in advance which component 

or which length works best. Adopting the exhaustive strategy, a total of 723 (3 × 241) groups need 

to be trained. Driven by the BO algorithm, the framework can search the best parameter 

combination as far as possible with much fewer attempts. Applying to the voltage signal of T-

bearing, the final optimization result is shown in Figure 6(b). The labels 1 to 5 corresponding to 

five working conditions are normal, one ball defect, two balls defect in opposite position, two balls 

defect in adjacent position, and PTFE dielectric film damage, respectively. In the framework 

proposed in this study, the remainder component is finally being determined as the input data and 

156 sample points as the input length. Under the combination of the optimized parameters, the 

prediction accuracy of five different conditions with the best model trained by the framework is 

99.48%. Only two samples are confused because the conditions represented by label 3 and 4 are 

both two balls defect just with different position distributions in the bearing. This also indicates 

that the proposed triboelectric signal prediction framework is capable of effectively selecting the 

best feature component type and the best input data length as the model inputs. Thus, the prediction 

performance of the model is guaranteed and improved without the exhaustive strategy. 
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Figure 6. Prediction results of the AutoML model. (a) Model accuracies of each feature component 

under different input data length. (b) Prediction accuracy of SE model with the final optimization 

parameters. (c) Best model type distribution map from AutoML. (d), (e) and (f) Prediction 

accuracies to the original voltage signals with different input data lengths. 

 

The best model type distribution map given by AutoML is shown in Figure 6(c). Overall, the 

SE model performs best among three components. But for the trend component, the type of best 

model is not stable. This also implies that the trend component has uncertain feature law, which 
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will cause the extreme model performance. Finally, the ablation experiment is necessary. The 

original voltage signal of T-bearing is taken as input, and three input data lengths are randomly 

selected for verification. The ablation experiment remains the same as the parameters and settings 

in the previous dynamic optimization process of the framework, except that there is no 

decomposition step by STL. As shown in Figure 6(d) to (f), without the intervention of the data 

decomposition algorithm, the prediction ability is always relatively poor. The reason is that it is 

difficult for the model to find robust classification features in the original voltage signals. The 

result of the ablation experiment verifies the excellent effectiveness of the proposed framework, 

introducing the STL algorithm for the first time to achieve accurate working condition recognition 

based on triboelectric signals. 

 

3. Conclusions 

In summary, a triboelectric sensor-embedded rolling bearing is fabricated and systematically 

investigated for the detection and recognition of rolling ball defects. The flexible interdigitated 

copper electrodes covered with PTFE dielectric film, which is attached on the inner surface of the 

bearing outer ring as the triboelectric sensing layer, exhibits the stable output performance and 

direct output signals. The output characteristics under various rotation speeds and the sensing 

signals under normal and fault conditions are measured and analyzed systematically. In view of 

the defect diagnosis of rolling balls, a new paradigm for the analysis and prediction of triboelectric 

signals is proposed, which achieves the dynamic selection of the optimal input length and data 

features. For the first time, the combination and cooperation of the STL decomposition, AutoML 

model and BO algorithm are developed for the similar triboelectric signals analysis obtained 

during the test of T-bearing. The STL is introduced to extract the features of similar time-domain 
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voltage signals caused by the bearing ball defects. The AutoML model is used to train the feature 

components containing fault information to complete the classification and identification of 

normal working condition and different faults. With the BO algorithm applied to the dynamic 

optimization of parameters, the recognition accuracy of five different conditions with the best 

model is 99.48 %, which is extremely superior to the highest accuracy of 78.34% without signal 

decomposition. Therefore, this study intelligentizes the existing bearings and improves the 

accuracy of fault diagnosis based on triboelectric signals that are easily affected by the 

environment. 

Although obtaining the triboelectric signals that can reflect the defects, the proposed sensing 

layer is in direct contact with the rolling steel balls. It will carry a risk of wear and bring additional 

vibration to the bearing operating. In future work, the robustness of the structure design to real 

scenarios is worth studying. 

 

4. Experiments 

4.1. Fabrication of the T-bearing 

The T-bearing consists of a POM6310-type deep groove ball bearing, a PTFE dielectric film 

with a thickness of 0.08 mm, and interdigitated copper electrodes with a thickness of 0.06 mm. 

The plastic rolling bearings with steel balls were purchased from KIF BEARINGS Company and 

its structural parameters were shown in Supporting Information Figure S1. The PTFE film with 

back glue was used as the electronegative triboelectric layer. The flexible interdigitated electrodes 

consist of two group of complimentary finger arrays, each of which has eleven electrode fingers. 

The spacing between two adjacent fingers was approximately 8.3 mm and the finger width was 3 

mm. Then, the design shape was printed on the surface of the copper tape. The interdigitated 
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electrodes were obtained by cutting the copper tape. After cleaning and drying the bearing, the 

interdigitated copper electrodes were attached to the inner surface of outer ring. The PTFE film 

with a width of 27 mm is covered on the electrodes to protect the internal structure because of its 

strong insulativity and good flexibility. Above these, the T-bearing was completed and its effective 

triboelectric area is 125.31 cm2. 

 

4.2. Setting of the bearing faults 

Following the common method of fault simulation experiments [47], the metal cutting 

technology was used to introduce three kinds of ball defect faults: one ball defect, two balls defect 

in opposite position and two balls defect in adjacent position. In order to characterize the degree 

of defect, we weighed the normal ball and the defect ball, which respectively is 5.46 g and 5.27 g. 

The cut weight is about 3% of a normal ball to simulate the partial defect. The extreme failure 

condition was introduced by cutting a bare surface of 16 mm × 27 mm on the PTFE film. Details 

of faults were shown in Supporting Information Figure S5. 

 

4.3. Establishment of variable rotation speed test bench 

The test bench consisted of an AC servo motor (HeChuang, 750 W, 6000 rpm), frequency 

converter (DKC-Y110), rotor shaft (aluminum alloy, diameter 17 mm, length 360 mm) and bearing 

pedestal (SKP003, inner diameter 17 mm). All the test components were bolted to the optical 

platform (aluminum, 600mm × 300mm × 13mm). The T-bearing was supported by two pedestals. 
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4.4. Signal measurement and postprocessing 

The open-circuit voltage of T-bearing was measured using an electrometer high resistance meter 

(Keithley 6514) and an analog-to-digital converter (NI 9215). The voltage data was sent to the 

LabView software-based computer with a sampling frequency of 500 Hz. The data postprocessing 

are implemented by RStudio and Origin 2019b. 
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Graphical Abstract 

 

Through extracting fault features by signal decomposition, the machine learning classification 

accuracies of Triboelectric Nanogenerator-embedded intelligent bearing with five working 

conditions of normal status and rolling ball defects can reach more than 99.48%. 
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Highlights 

⚫ A flexible film triboelectric sensor is designed for commercial bearings, attaching in the 

bearing outer ring to sense the state of rolling balls. 

⚫ A new framework is proposed for the analysis and prediction of similar triboelectric signals 

generated by weak disturbances. 

⚫ The fabricated triboelectric bearing achieves the diagnosis of rolling ball defects by signal 

decomposition and automated machine learning. 
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