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ARTICLE INFO ABSTRACT

Keywords: Ensuring the normal operation of bearings is crucial for the safety of the equipment. In order to better monitor
Triboelectric nanogenerator the condition of bearings, a smart triboelectric nanogenerator embedded cylindrical roller bearing (TCRB) is
Self-powered

proposed. Its cylindrical rollers are made of polyetheretherketone (PEEK), and the outer ring consists of grid
electrodes coated with nylon film. The present TCRB is demonstrated to achieve long-term stable operation.
Experimentally, the TCRB can deliver a maximum output with an open-circuit voltage of 26.56 V and a short-
circuit current of 2.45 pA at 600 rpm, and the generated electricity is sufficient to drive small sensors. More-
over, the output can also be processed to realize the self-powered monitoring of the rotational speed with an
error of less than 2%. Lastly, four distinct classification methods are utilized to diagnose typical bearing faults
using the triboelectric signal, and the diagnostic method with both high levels of accuracy and robustness is
determined. This study demonstrates the excellent performance of the TCRB in self-powering, self-sensing and

Fault diagnosis
Smart bearing

self-diagnosing, providing a viable solution for the development of smart bearings.

1. Introduction

The rolling bearing is an important component for modern rotating
machinery equipment. Its primary function is to support the rotating
mechanical body and reduce the friction coefficient. The reliability of
bearings is crucial for the stable operation of equipment. Therefore, real-
time monitoring on the operating conditions of rolling bearings is an
important means to avoid severe consequences resulting from rolling
bearing malfunctions [1,2]. The monitoring of bearings mainly relies on
temperature or vibration sensors mounted in or near the bearing seat.
The installation of sensors is cumbersome and the measured signal is
susceptible to being disturbed due to its distance from the bearing [3].
Moreover, most monitoring sensors are powered by batteries or cables.
However, batteries need to be manually replaced regularly, and wiring is
difficult to implement in confined spaces [4]. In recent years, the
emergence of smart bearings offers a good choice for addressing these
issues. By integrating monitoring sensors into the bearing structure, the
smart bearing is expected to solve the complex sensor installation work
on site. With the advancement of energy harvesting technology and
signal processing technology, the smart bearing with multiple functions
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of self-sensing, self-powering and self-diagnosing has been developed [5,
6]. It can facilitate the transfer of complex tasks, such as signal acqui-
sition, sensor installation and power supply, from the user end to the
production end, offering great convenience to clients [3]. Therefore, the
study of smart bearings has attracted the interest of numerous re-
searchers [7]. Holm et al. [6] developed a bearing with the
self-diagnosing function by integrating multiple sensors and signal
processing systems into the bearing. Gong et al. [8] proposed a variable
reluctance energy harvester (VREH) that integrated with the existing
structure of bearings to accomplish the self-powering function. Zhang
et al. [9] designed a self-powered bearing that could collect rotational
energy based on electromagnetic technology. Nevertheless, these at-
tempts made substantial modifications to bearings, and their structural
designs were not compact. Smart bearings with more compact structure
need to be proposed.

Triboelectric nanogenerator (TENG) is a new power generation
method based on Maxwell’s displacement current principle. Since it was
first proposed by Zhonglin Wang in 2012 [10], numerous researchers
have affirmed its capability to collect diverse forms of energy [11,12],
including wave energy [13,14], wind energy [15] and vibration energy
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[16-18]. Moreover, numerous researchers have effectively developed
self-powered sensors based on TENG [19,20], including pressure sensors
[21,22], vibration acceleration sensors [23,24] and tactile sensors
[25-27]. In comparison to traditional power generation techniques,
TENGs offer a variety of material options, simple structures and low
manufacturing costs, thereby providing an alternative method for
achieving the self-powering and self-sensing function of smart bearings.
Meng et al. [28] developed an innovative self-powered bearing-struc-
tured speed sensor. Xie et al. [29] successfully designed a self-powered
bearing that could measure the skidding rate of the bearing, and
extended the service life of TENG-based bearings effectively by
installing a sweeping charge supplement device. Jiang et al. [30]
designed a compact self-powered bearing by coating PTFE on the wave
cage and adding grid electrodes to the end cover, and successfully uti-
lized its electric signal to diagnose typical bearing faults. So far, the
majority of TENG-based bearings reported [28-32] have been modified
based on the structure of the deep groove ball bearing. The cylindrical
roller bearing is also a common type of bearing, possessing a better
capacity for bearing loads and a larger contact area for triboelectric
generation, but less research has been devoted to the development of
TENG-based cylindrical roller bearings.

To address the above problems, this study presents the design of a
triboelectric nanogenerator embedded cylindrical roller bearing (TCRB)
with self-powering, self-sensing and self-diagnosing capabilities. The
influences of speed, material selection, electrode width and other factors
on the output performance are systematically analyzed. Besides, the
speed monitoring through the processing of the electric output is spe-
cifically demonstrated. Furthermore, an in-depth research is conducted
regarding the utilization of triboelectric signals for fault diagnosis. A
new experiment based data partitioning method is proposed to address
the issue of triboelectric signals being susceptible to environmental
interference by varying the distribution of training and test sets. The
performances of four distinct classification methods applied to fault
diagnosis of the TCRB are investigated, and the classification method
with high diagnostic accuracy and good robustness is determined.

2. Experimental section

The main dimensional parameters of the TCRB are illustrated in
Table S1. The outer ring, inner ring and cage were all manufactured by
SLA 3D printing technology. Polytetrafluoroethylene (PTFE), glass fibre
reinforced polytetrafluoroethylene (GF-PTFE), polyoxymethylene
(POM), and polyetherketone (PEEK) cylindrical rollers were purchased
and fabricated from the Taobao Juanjuan Plastic Shop. There were small
notches at the top of the outer ring for the convenience of electrodes
leads extraction. Grid electrodes, with a copper thickness of 0.035 mm
and a plate thickness of 0.13 mm, were produced by Shenzhen Huaxin
Fast Circuit Factory. They had 8 pairs of staggered electrodes with a
width of 11.5 mm. The 0.05-mm-thick polyimide film was acquired from
the Taobao Goldfinger Store, while the nylon film with equivalent
thickness was obtained from Lambert Optoelectronics. The polyimide
film was used to cover the electrodes as an adhesive, followed by the
attachment of the nylon film.

A servo motor with a maximum adjustable speed of 3000 rpm was
selected in this experiment. Two aluminium alloy bearing seats were
used to fix the shaft on the test rig, with the TCRB being positioned in the
bearing seat far from the motor. The output of the TCRB was measured
by a programmable electrometer (Keithley Model 6514) through a data
acquisition system (NI PCI-6220, Texas, USA) and visualized through a
program developed by LabVIEW (National Instruments, Austin, Texas,
USA).
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3. Result and discussion
3.1. Structure and working principle

Fig. 1 depicts the structural design of the TCRB, which can be used in
a variety of devices, such as industrial robots and small-scale wind
power generations, as illustrated in Fig. 1a. The TCRB consists of an
inner ring, an outer ring, a basket-type cage, eight cylindrical rollers, a
nylon film and grid electrodes, as illustrated in Fig. 1b. The number of
grid electrodes is consistent with that of cylindrical rollers, and their
length is equal to the circumference of the outer ring, as illustrated in
Fig. 1c. The grid electrodes are closely affixed to the outer ring, and then
covered with Kapton tape as the paste layer and nylon film as the contact
layer. Fig. 1d presents a photograph of the cage and PEEK cylindrical
rollers, while a fully assembled TCRB is illustrated in Fig. le.

The working principle of the TCRB is explained in Fig. 2. As the inner
ring of the TCRB rotates in conjunction with the shaft, the cage and PEEK
cylindrical rollers rotate at a certain speed with respect to the fixed
electrodes. Fig. S1 displays the force diagram of the outer ring, revealing
that the cylindrical rollers make contact with the lower semicircle of the
outer ring. The working principle of the TCRB can be elucidated as
depicted in Fig. 2a. Due to the difference in electronegativity of nylon
and PEEK, the nylon film is positively charged, whereas the PEEK rollers
are negatively charged upon contact. When the PEEK rollers completely
overlap electrode A (Fig. 2a (i)), electrode A becomes positively charged
to screen the negative charges of the PEEK rollers. At this time, the
maximum potential difference is attained between electrode A and
electrode B. As the PEEK rollers rotate in the counterclockwise direction
(Fig. 2a (ii)), electrons begin to transfer from electrode B to electrode A
under the action of electrostatic balance, forming a current through the
external circuit. When the PEEK rollers completely overlap electrode B
(Fig. 2a (iii)), the potential difference between electrode A and elec-
trode B is reversed to the maximum. As rollers continue to rotate (Fig. 2a
(iv)), the potential difference between two electrodes leads to an
opposite current flow. These four states are repeated with the operation
of the TCRB, generating alternating current through the external circuit.

The potential distributions of the TCRB can be understood by con-
ducting a finite element analysis using COMSOL software, as illustrated
in Fig. 2b. The size of the model is consistent with the designed device.
When PEEK rollers completely overlap the electrodes, the potential
difference between the two electrodes achieves the maximum. When
PEEK rollers are positioned between the two electrodes, there is no
potential difference between the two electrodes.

3.2. Output performance of the TCRB

To acquire the output signal plainly and precisely, a bandstop filter is
added to the LabVIEW-based measurement program to eliminate the
50 Hz power frequency interference of the motor. As illustrated in
Fig. S2, the filtered signal can reflect the output of the TCRB in an
intuitive manner. Cylindrical rollers are the primary load-bearing
component and also have a substantial impact on triboelectrification.
On the premise of ensuring the mechanical strength of the bearing,
materials with wide operating temperature range and strong electro-
negativity should be selected. In this experiment, TCRBs with cylindrical
rollers manufactured from four distinct engineering plastics are utilized,
including PEEK, POM, GF-PTFE, and PTFE. As illustrated in Fig. 3a, the
difference in the electric output between TCRBs with distinct cylindrical
rollers is insignificant. The output voltage of the TCRB with POM rollers
is the largest, while the output with PEEK rollers is comparable to that
with PTFE-GF rollers. The main properties of the four materials are
illustrated in Table S2, and it can be found that PEEK exhibits excellent
performance in terms of both working temperature and strength.
Therefore, PEEK is selected as the material for fabricating cylindrical
rollers after considering the mechanical strength, electronegativity and
working temperature range synthetically. The material selection of the
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Fig. 1. Structural design of the TCRB. (a) Schematic illustration of various applications of the TCRB. (b) Components of the designed TCRB. (c) Photograph of the

grid electrodes, (d) cage and cylindrical rollers, and (e) an assembled TCRB.
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Fig. 2. Working principle of the TCRB. (a) Schematic illustration of the working principle of the TCRB. (b) Electric potential distributions at different positions.

thin film on the outer ring also has a significant impact on the electric
output. The output performances of TCRBs with nylon, FEP and Kapton
films are measured to determine the selection of film material. As
illustrated in Fig. 3b, the TCRB with nylon film exhibits the optimal
output performance, whereas the TCRB with Kapton film exhibits the
worst output performance. Therefore, nylon is chosen as the film ma-
terial on the outer ring in this work.

With the material selections of the TCRB determined, the relation-
ship between electric outputs and speed is investigated. As illustrated in
Figs. 3c and 3d, the output voltage and transferred charge of the device
increase slowly with speed. This phenomenon can be attributed to the
elevation of triboelectric charge density resulting from the escalating
centrifugal force acting upon the rollers [33]. It is widely recognized
that the current, denoted as I, can be mathematically represented as the
derivative of charge with respect to time, dq/dt. The rapid increase in
current with speed can be observed in Fig. 3e, which is attributed to

faster variation in dt over time compared to dq. Furthermore, when the
rotational speed surpasses 1000 rpm, the device’s output becomes un-
stable, which may be due to the poor machining precision of cylindrical
rollers and the inner ring, as well as the protrusion of the copper part on
grid electrodes. Fig. 3f presents the output of the TCRB with various
electrode widths. It indicates that increasing the width of grid electrodes
can greatly improve the TCRB’s output performance, which is due to
that wider electrode width leads to the contact between dielectrics and
electrodes more synchronously.

Metal bearings, in traditional practice, require the addition of
lubricating oil or grease to mitigate friction during operation. However,
the addition of grease reduces the output of the device significantly, as
illustrated in Fig. 3g, which is due to that the lubricating grease sup-
presses the amount of triboelectric charge. Hence, lubricating grease
should be avoided to ensure the output performance of the TCRB. The
cylindrical rollers and outer ring film of the TCRB in this case are made
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Fig. 3. Output performance of the TCRB. (a) Output performance of the TCRBs with different roller materials. (b) Output performance of the TCRBs with different
film materials. (c) Output voltage, (d) transferred charge, and (e) current of the TCRB at different rotational speeds. (f) Electric output of the TCRB with different
electrode widths. (g) The influence of lubricating grease on the output performance. (h) Continuous electric output of the TCRB. (k) Schematic illustration of the

robust electric output.

of a pair of engineering plastic materials with self-lubrication property
and notable difference in electronegativity, enabling the TCRB to ach-
ieve high electric output without lubricating medium. At 600 rpm, the
TCRB can achieve an electric output of 26.56 V and 2.45 uA, exhibiting
better output performance compared to similarly sized TENG-based
spherical roller bearings [28-32]. A reliability assessment of the TCRB
was performed through a 600,000 cycles operation test at 400 rpm. As
illustrated in Fig. 3h, there is no significant change in the output of the
device. Besides, the metallographic observations of nylon films oper-
ating for 2 h and 25 h without the addition of lubricating grease are
illustrated in Fig. S3, and no evident scratches are found on the film
surface. It is worth noting that the device can still maintain stable output
even in the case where the outer nylon film is severely scratched, as
illustrated in Fig. 3k. With the rapid advancement of material technol-
ogy, new engineering plastic materials with better mechanical and
self-lubrication properties are emerging constantly, such as
fibre-enhanced PEEK [34], providing the possibility for better applica-
tions of TCRBs in the future.

3.3. Self-powering and self-sensing capability of the TCRB

Fig. 4a presents the photograph of the test rig. The self-powering
capability of the TCRB was verified by experiments. As illustrated in
Fig. 4b, the TCRB can achieve a peak instantaneous power of 38.4 uW at
600 rpm under a load resistance of 30 MQ. The insert in Fig. 4b shows
that the device can light up 10 LEDs directly. Besides, the performance of
the TCRB to charge capacitors through the rectifiers was also tested. As
illustrated in Fig. 4¢, a set of 10 uF, 33 pF and 100 pF capacitors are
charged through rectifier bridges from 0 to 3 V at 600 rpm, which take
35s, 94 s and 471 s, respectively. The charged 100 uF capacitor can
drive the temperature and humidity sensor for more than 10 s, and the
relevant demonstration can be found in the inset of Fig. 4c and Video
s1.

Supplementary material related to this article can be found online at
doi:10.1016/j.sna.2023.114664.

The speed sensing of the TCRB is achieved by analyzing the motion
relationship of bearing parts and calculating the frequency of output
signals. The outer ring remains fixed during the operation of the TCRB.
Therefore, the rotating frequency of the bearing can be expressed as Eq.
(1) under the assumption that there exists no sliding between each part
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Fig. 4. Demonstration of the self-powering and self-sensing ability. (a) Photograph of the test rig. (b) Output voltage, current and power of the TCRB with external
resistance loads. (c) Charging curve of different capacitors powered by the TCRB. (d) FFT spectrum of the output at 600 rpm. (e) Dependency of the output frequency

and the error of speed sensing on the rotational speed.

of the rolling bearing [35].

Foage =fm2“” (1 - gcosa) €Y}

where d is the diameter of the cylindrical roller; D is the pitch diameter
of the roller bearing, that is, the diameter of the circle where the centre
of the roller is located; o is the pressure angle of the bearing, and the
pressure angle of the cylindrical roller bearing is 0°. The number of
rollers and electrodes of the TCRB is denoted as N. According to the
working principle of the TCRB, rollers and electrodes contact and
separate N times for each revolution of the cage. Therefore, the output
frequency of the TCRB (f,) can be expressed as Eq. (2), and then the
frequency of the rotor can be expressed as Eq. (3).

ﬁ) = Nfcage (2)

2D

Frotor = N(D — dcosa)

3
In this experiment, given that d is 15 mm, D is 55 mm and N= 8, so
the rotational speed of the rotor can be calculated as follows:

Drotor = 60frmor = 20625]‘0 (4)

According to Eq. (4), the speed is linearly related to the output fre-
quency of the TCRB. The frequency of the electric output f, can be
derived by fast Fourier transform on the output, as illustrated in Fig. 4d.
Then, a real-time speed monitoring system through processing output
signal was developed in LabView, showing good performance in speed
sensing, as can be seen in Video S2. As illustrated in Fig. 4e, the linear
relationship between the actual measured speed and the TCRB output
frequency is consistent with Eq. (4). However, it is worth noting that as
the speed increases, there will be errors in the speed derived from the
electric output, with a value of less than 2% within 1000 rpm. The
gradual increase in error with speed may be due to the skidding issue
caused by insufficient machining accuracy.

Supplementary material related to this article can be found online at

doi:10.1016/j.sna.2023.114664.

3.4. Application of the TCRB in fault diagnosis

As illustrated in Fig. 5a, we tested the output of the TCRB for four
typical forms: fault-free, cage fault (CF), inner ring fault (IRF), and outer
ring fault (ORF) at 400 rpm and 600 rpm with a sampling frequency of
2 kHz. The signals of various faults were acquired by replacing artifi-
cially made faulty parts.

For bearings with various faults, there will be the corresponding fault
characteristic frequency on the frequency spectrum. Specifically, the
characteristic frequencies corresponding to the TCRB with various faults
can be expressed as follows [35,36].

N d
fer = Ef"”‘" (1 — Bcosa) 5)
N d
Jire = Sfrotor (1 +5 cosa) (6)
N d
forr = Eﬁa[ur (1 — Bcosa) %)

Subsequently, the frequency spectrum analysis is attempted for fault
diagnosis. Fig. S4 presents the frequency spectrum diagrams corre-
sponding to various faults at 600 rpm. However, due to the coincidence
of fcr and forr with the output frequency (Eq. (2)), it is difficult to
identify the fault characteristic frequency from the frequency spectrum
intuitively. For the TCRB with inner ring fault, since the triboelectric
output originates from the contact between the outer ring and the rol-
lers, firr is not readily apparent from the spectrum.

As a result, artificial intelligence (AI) based classification methods,
including machine learning algorithms and deep learning algorithms,
are employed instead for fault diagnosis. The preprocessing of the
electric output is as follows. The test duration is set to 300 s once and the
sample length is determined to be 3000, as illustrated in Fig. 5b. Given
that the amplitude of TENG outputs is susceptible to interference such as
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humidity [37], a method for sample normalization is proposed. The
normalization method is to make the average absolute value of the
sample equal to one by multiplying a coefficient. Table S3 illustrates the
structure of the entire partitioned dataset. It can be viewed that 200
samples are obtainable for each category. Then, the training set and the
test set are obtained by randomly splitting samples at a ratio of 7:3.

In this study, machine learning based methods include principal
component analysis (PCA)-eXtreme Gradient Boosting (XGBoost) and
discrete wavelet transform (DWT)-XGBoost. For the PCA-XGBoost
method, principal component analysis is first conducted on outputs of
various categories to acquire features. Fig. 5S¢ presents the schematic
illustration of the first two principal components of the output. XGBoost
algorithm, proposed by Chen Tiangi in 2016 [38], is chosen as the
machine learning classifier due to the model’s simplicity and excellent
performance in classification accuracy. The optimal hyperparameters of
XGBoost are determined using the grid search and 4-fold
cross-validation method in Python. The classification accuracy of the
PCA-XGBoost model is 87.71% when employing the first 50 principal
components and 91.25% when employing the first 100 principal com-
ponents. For the DWT-XGBoost method, the feature extraction technique
adopts the discrete wavelet transform’s time-frequency analysis
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approach, as illustrated in Fig. 5d. Using Daubechies wavelet basis, five
high-frequency components and five low-frequency components are
acquired through discrete wavelet transform of the sample, and then
nine time-frequency domain features are extracted from these compo-
nents. As a result, a total of 10 x 9= 90 features can be obtained from
each sample. The set of nine extracted features contains waveform fac-
tor, crest factor, clearance factor, impulse factor, kurtosis, skewness,
gravity frequency, mean square frequency and frequency variance.
Detailed calculation formulas of these features implemented in Matlab
can be seen in Table S4. The DWT-XGBoost method can achieve a
classification accuracy of 99.17%.

Subsequently, two deep learning based methods are employed,
including one-dimensional convolutional neural network (1D-CNN) and
continuous wavelet transform (CWT)-Residual Network50 (ResNet50).
The structure of the 1D-CNN model is plotted in Fig. Se. It comprises
convolution layers, maxpooling layers and fully connected layers, with
rectified linear unit (RELU) as the activation function. The length and
stride of the convolutional kernel are 3 and 2, while the maxpooling size
is 2. 1D-CNN model exhibits a classification accuracy of 83.75%. Lastly,
the CWT-ResNet50 method is adopted. Images with a size of 224 x 224 x
3 corresponding to the samples are first obtained through continuous
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wavelet transform. Fig. 5f shows an image obtained through CWT on the
output at 600 rpm. These images are then classified using the deep
learning algorithm ResNet50. The batch size is set to 4, while the
learning rate is set to 0.00001. After 25 epochs of training, the classifi-
cation accuracy can reach 100%.

A general data partitioning method leads to the same distribution of
training set and test set [39]. The outputs of various categories were
measured by replacing artificially made faulty parts of the TCRB. Since
triboelectric signals are susceptible to environmental factors such as
humidity and temperature [37], the experimental environmental con-
ditions cannot be completely consistent. Therefore, we believe that the
feature of measured signals includes faulty part and environmental part,
as illustrated in Fig. 6a. The high diagnostic accuracy of these four
classification methods mentioned above in experimental group 1 may be
attributed to the introduction of environmental features during faulty
parts replacement rather than grasp fault features. To further corrobo-
rate the robustness of these classification methods to slight environ-
mental interference, a new experiment based data partitioning method
is proposed. The specific steps are as follows. Four additional groups of
experiments were conducted, named experimental group 2-5, with the
same data structure as experimental group 1. Each group of experiments
was conducted over a specific period of time, and the output of various
categories was obtained by replacing faulty parts. Thus, the environ-
mental features of the samples in the same category from different
experimental groups vary. If the model trained in experimental group 1
has a high recognition rate of the samples from experimental group 2-5,
it indicates that this model is able to identify fault features. Herein, four
identical classification methods are utilized once again to test their
robustness to slight environmental interference. At this time, experi-
mental group 1 is regarded as the training set and the remaining
experimental groups as the test set.

First, for the PCA-XGBoost method, the classification accuracy is only
34.05% this time when employing the first 100 principal components,
showing a significant decline. It implies that this method identifies
environmental features rather than fault features, indicating that the
PCA-XGBoost method is fragile and inappropriate for fault diagnosis of
the TCRB. The corresponding confusion matrix is presented in Fig. S5.
Then, we test the recognition performance of the DWT-XGBoost method,
and the classification accuracy can reach 89.36%, confirming its
robustness for fault diagnosis of the TCRB. The corresponding confusion
matrix is shown in Fig. 6b. Furthermore, the influences of extracted
features, wavelet basis and classifier on the diagnostic results are
investigated. As illustrated in Fig. 5d (ii), three combinations of various
wavelet bases and extracted features are tested using different classi-
fiers. The classification accuracy result is illustrated in Fig. S6. It can be
found that the wavelet basis and the number of extracted features have
an impact on the classification accuracy for the DWT method. However,
selecting the appropriate wavelet basis and extracted features prior to
verification is difficult. Compared with support vector machine (SVM),
XGBoost exhibits better classification performance here. Next, the 1D-
CNN method is implemented, and the classification accuracy obtained
is 56.78%, indicating that its robustness performance is average. Fig. 6¢
presents the corresponding confusion matrix. Lastly, the model trained
by the CWT-ResNet50 method through experimental group 1 is used to
classify the samples from experimental group 2-5, achieving a classifi-
cation accuracy of 91.7%. Compared to the other three classification
methods, the CWT-ResNet50 method demonstrates the highest classifi-
cation performance, confirming its excellent robustness in the self-
diagnosing of the TCRB. The corresponding confusion matrix is illus-
trated in Fig. 6d.

Overall, the diagnostic robustness of the distinct methods varies
considerably. By comparing four classification methods, it is found that
DWT-XGBoost and CWT-ResNet50 methods exhibit acceptable perfor-
mance in classification accuracy and robustness. The performances of all
classification methods on the data processed through the experiment
based data partitioning method decrease, which is caused by the
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operation of replacing the faulty part. Since triboelectric signals are
sensitive to slight environmental change, there will be differences in the
distribution between the training set (experimental group 1) and the test
set (experimental group 2-5). Some classification methods, such as PCA-
XGBoost, can achieve acceptable diagnostic accuracy under the condi-
tion that training and test sets are drawn from the same distribution
(experimental group 1). However, the introduction of slight environ-
mental changes leads to a significant decrease in diagnostic accuracy.
This is unacceptable, especially in the actual operating environment,
where the interference can become more severe. Therefore, attention
should be paid to the robustness of the trained model for the application
of the TCRB in fault diagnosis. Next, the robustness of the classification
method in the face of obvious environmental changes needs further
research.

4. Conclusion

In conclusion, a novel TENG-based cylindrical roller smart bearing is
proposed. Given the mechanical properties and the output performance
of the device, PEEK rollers and nylon film are selected to fabricate the
TCRB. The reliability of the TCRB is demonstrated by 600,000 cycles of
operation. A maximum output power of 38.4 uW is achieved at 600 rpm
when the external load is approximately 30 MQ. The energy collected by
the capacitor is capable of driving the temperature sensor. Through fast
Fourier transform of the output signal, combined with the motion
relationship formula of the bearing parts, the TCRB can realize the real-
time speed sensing function with an error of less than 2%. Moreover, the
electric output of the TCRB can be used as a signal to diagnose typical
bearing faults. Four distinct classification methods are employed, and
their classification accuracy and robustness to slight environmental
interference are discussed. The CWT-ResNet50 method exhibits the best
classification performance, achieving an accuracy rate of 100% on the
test data with consistent distribution, and 91.7% on the test data with
slightly different distribution. The capabilities of the present TCRB in
self-powering, self-sensing, and self-diagnosing have been well demon-
strated, thus providing a promising approach for the development of
smart bearings.
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