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Since the weak fault characteristics of mechanical equipment are often difficult to extract in strong background noise, stochastic
resonance (SR) is widely used to extract the weak fault characteristics, which is able to utilize the noise to amplify weak fault
characteristics. Although classical bistable stochastic resonance (CBSR) can enhance the weak characteristics by adjusting the
parameters of potential model, when potential barrier height is adjusted potential well width is also changed and vice versa. *e
simultaneous change of both potential well width and barrier height is difficult to obtain a suitable potential model for better weak
fault characteristic extraction and further fault diagnosis of machinery. For this reason, the output signal-to-noise ratio (SNR) of
CBSR is greatly reduced, and the corresponding enhancement ability of weak fault characteristics is limited. In order to avoid the
shortcomings, a new SR method is proposed to extract weak fault characteristics and further diagnose the faults of rotating
machinery, where the classical bistable potential is replaced with a bistable confining potential to get the optimal SR. *e bistable
confining potential model not only has the characteristics of the classical bistable potential model but also has the ability to adjust the
potential width, barrier height, and wall steepness independently. Simulated data are used to demonstrate the proposed new SR
method. *e results indicate that the weak fault characteristics can be effectively extracted from simulated signals with heavy noise.
Experiments on the bearings and planetary gearboxes demonstrate that the proposed SR method can correctly diagnose the faults of
rotating machinery and moreover has higher spectrum peak and better recognition degree compared with the CBSR method.

1. Introduction

*e vibration test is often used method in fault diagnosis of
mechanical equipment, but the mechanical equipment is
usually affected by heavy noise, multi vibration source ex-
citation and response mutual coupling, human disturbance,
and so on [1–3]. All interferences cause the signal-to-noise
ratio (SNR) to be very small, and the fault characteristic
frequency is difficult to extract. In addition, the early fault
characteristics are fainter in the bad outside environment.
*erefore, the weak fault characteristics extraction is a key
problem in mechanical fault diagnosis [4, 5]. *e commonly
used fault diagnosis methods contain wavelet transform [6],
ensemble empirical mode decomposition [7–9], local mean
decomposition [10, 11], singular value decomposition [12],

and so on [13, 14]. *e above methods show good perfor-
mance in fault diagnosis and weak fault characteristics ex-
traction, but they detect fault characteristics from the view of
eliminating noise. For the weak fault characteristics of heavy
noise pollution, noise reduction is effective, but the weak
fault characteristic frequency is weakened. *erefore, the
traditional signal processing methods cannot effectively
extract the weak fault characteristics which are polluted by
the heavy noise. However, stochastic resonance (SR) is the
theory using noise to enhance hidden signal [15]. SR was
proposed by Benzi et al. in 1981 [16]. At present, SR has been
widely used in fault diagnosis. For the superiority of the SR
in the extraction of weak fault characteristics, SR has
gradually become the focus of research in signal processing.
At present, a large number of scholars have studied the weak
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signal detection technology in strong background noise.
According to the approximate adiabatic theory, SR is only
applicable to the condition of small parameters [17]. Leng
et al. [18] proposed two sampling frequency conversion in
order to achieve the large parameter signals SR. Tan et al. [19]
used frequency-shifted and rescaling detection technology,
which overcame the limitation of the small parameter con-
dition of the traditional SR for detecting high frequency
signals in practical engineering. Lai and Leng [20] proposed
linear amplitude transformation, time frequency scaling, and
parameter tuning methods for signal detection in large fre-
quency and high intensity noise. *ese studies provide ef-
fective methods for the detection of large parameter signal
with SR. *e classical bistable stochastic resonance (CBSR) is
the most commonly used method to detect the weak fault
characteristics. Many scholars have done a lot of research on
CBSR method. Lei et al. [21] proposed an underdamped SR
method with stable-state matching to achieve the best
matching between stable-state types and input signals and
applied to fault characteristic frequency extraction of rolling
element bearings. Lu et al. [22] proposed a full wave signal to
make better the construction of SR and applied to fault
characteristic frequency extraction of the wear bearing, Liu
et al. [23] proposed improved artificial fish-swarm algorithm
for parameters matching to achieve optimal SR. Zheng et al.
[24] proposed energy harvesting experiment which is applied
to SR. Ding et al. [25] proposed a method of fusion char-
acteristics extraction for local reservation prediction in order
to find out the difference between the bearing state and the
health condition. Han et al. [26] proposed a weak signal
extraction method for multistable SR of wavelet transform
and parameter compensation bandpass which is used to
detect multifrequency signals. Shi et al. [27] proposed
asymmetric bistable SR driven by unrelated multiplication
and additive noise. Li et al. [28] proposed the SNR of the
principal component and residual in the SR to realize
quantitative analysis of SR. Duan et al. [29] proposed a new
form of SR based on coding efficiency measurement. Li and
Shi [30, 31] proposed the SR extraction method for adaptive
singular value decomposition. In addition, a stochastic res-
onance potential model based on chaotic ant colony algo-
rithm is proposed and used in fault diagnosis of planetary
gearbox. *ese studies are based on the simultaneous ad-
justment of barrier height and potential width. As long as the
potential barrier height changes, the potential width is also
changed and vice versa. In this case, the perfect potential
model structure cannot be obtained.*erefore, many scholars
have substituted the potential model of CBSR with other
potential models to expect better SR. Lu et al. [32] proposed
monostable and tristable SR and applied them on bearing
experiments, and the results show that the two methods are
superior to the CBSR method in enhancing the weak fault
characteristics. Qiao et al. [33] proposed the piecewise mixed
SR, and the new potential model is applied to fault diagnosis
experiment of the planetary gearbox and the method has
achieved good results. However, all of the above methods
change the structure of classical bistable potential model.
When the potential barrier height is adjusted, the potential
width is changed and vice versa and do not fundamentally

solve the problem of structural adjustment of classical bistable
potential model.*e potential width and barrier height which
change simultaneously are difficult to obtain perfect potential
model structure. *is shortcoming makes to obtain the target
characteristic frequency difficulty and limits the enhancement
ability of weak fault characteristics in CBSR method.
*erefore, how to adjust the structure of the potential model
better is the key problem to achieve the best SR. In order to
avoid the problems of the CBSR method, this paper proposed
an adaptive bistable confining potential stochastic resonance
(BCPSR) method, which establishes the bistable confining
potential model to make the potential width, barrier height,
and wall steepness adjusted independently and simulta-
neously, so the potential model can better match parameters
and SR.

In Section 2, the bistable confining potential model and
strategy of the BCPSR method for weak signal extraction are
introduced. In Section 3, the validity of simulation signal is
verified by the new method comparing with the CBSR
method. In Section 4, the new method was applied to the
fault characteristic signal extraction of the bearing and the
planetary gearbox. *e diagnostic results reveal that the new
method can identify mechanical failure. Compared to the
CBSR method, the new method has the higher characteristic
frequency spectrum peak and recognition degree. *e
conclusions are drawn in Section 5.

2. SR Model with Bistable Confining Potential

2.1. !eoretical Model. Most of the research studies on SR
focus on the traditional bistable model. *e CBSR can be
explained as a particle driven by noises and the cycle force.
As the particles are driven by noise, the cycle force will be
enhanced. *e governing equation that illustrates such
a phenomenon under the assumption of overdamped
condition can be introduced by the following equation:

dx

dt
� −U′(x) + A sin 2πfdt + φ(  + N(t), (1)

where A is the amplitude of the cycle signal, fd is the driving
frequency, and φ is phase. Meanwhile, the noise item N(t)

needs to satisfy the following conditions:

N(t) �
���
2D

√
ξ(t),

〈N(t), N(t + τ)〉 � 2Dδ(t),
(2)

in which D is the strength of the noise and ξ(t) represents an
added Gaussian white noise (AGWN) where the mean value
is 0 and the variance is 1. For the classical bistable potential
model, U(x) � Ub(x) represents a reflection-symmetric
quartic potential:

Ub(x) � −
a

2
x
2

+
b

4
x
4
, (3)

in which a and b denote the potential parameters of the
classical bistable model. x(t) denotes the SR system output,
and Equations (1) and (3) describe essentially the over-
damped motion of the particle driven by external force
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signal (periodic signal) and noise in double potential
wells. �e potential functionUb(x) has two 	xed positions
at x � ±

���
a/b

√
, the barrier altitude is ΔU � a2/4b, and the

highest point of barrier is located at x � 0, and these
characteristics are shown in Figure 1. It is similar for the
bistable con	ning potential model, U(x) � Ucb(x), which
is a symmetric nonlinear potential and is shown as
follows:

Ucb(x) � U0 exp
−x2

L20
( ) + k

|x|q

q
, (4)

in which the k is the remaining tunable parameter with
positive real value in bistable con	ning potential. In order to
ensure the constraints, we ask for q> 1. �e whole potential
model is symmetrical at x � 0, i.e., Ucb(x) � Ucb(−x).

To analyze the di�erence and similarity between the
classical bistable potential and the bistable con	ning po-
tential, the bistable potential curves with di�erent potential
parameters are described in Figure 1. It is clear that the
height and width of potential can be controlled by the pa-
rameters a and b. In other words, under the same b con-
dition, the greater the a is, the higher the potential barrier is;
under the same a condition, the greater the b is, the lower the
potential barrier is. �is phenomenon can satisfy the the-
oretical value ΔUb � a2/(4b). Meanwhile, the bistable
con	ning potential curves with di�erent parameters can also
be shown in Figure 2. It is clear that the di�erent potential
structure can be caused by adjusting the potential param-
eters. From Figure 2(a), under any other parameters un-
changed, we can see the bistable con	ning potential also has
two wells and one barrier, which is similar to the classical
bistable potential. In addition, with the increase of parameter
q, the barrier height of potential well has no change, but the
minimum value points slowly move the middle point x � 0.
It can cause greater wall steepness of the potential and
smaller width of potential. In other words, the parameter q
can determine the wall steepness and width of potential.
Similarly, we can 	x any other parameters to observe the
change of the potential with one parameter. In Figure 2(b), it
can be found that the smaller the L0 is, the higher the barrier
height of potential is. Likewise, with the increase of L0, the
potential width becomes greater. In Figures 2(c) and 2(d),
they can see that the greater the U0 is, the higher the barrier
height of potential, and the greater the k is, the smaller the
barrier height and the greater wall steepness of potential and
vice versa. �rough the above analysis, we can see that the
two models have similar adjustment characteristics through
adjusting the potential parameters. Additionally, the two
potential models are all bistable potential which has one
barrier and two symmetric potential wells. However, the
di�erence between the two models is that the wider range
of wall steepness and potential width can be obtained by
tuning the parameters of bistable con	ning potential, and
likewise more detailed potential structures can be realized
completely.

Substitute Equation (4) to Equation (1), the SR based on
the bistable con	ning potential can be obtained as follows:

dx

dt
�
2U0

L20
x exp
−x2

L20
( )− k sgn(x)|x|q−1

+ A0 sin 2πf0t + φ( ) + n(t).

(5)

�e sgn(x) is the symbol function. It can be understood
from Equation (5) that the system can be adjusted by pa-
rameters U0, L0, q and k to enhance the output signal.
Equation (5) can be calculated using the discrete fourth-rank
Runge–Kutta method as shown below:

x′ � f(t, x), x(t[0]) � x[0]

x[n + 1] � x[n] +
h

6
k1 + 2k2 + 2k3 + k4( )

k1 � f(t[n], x[n])

k2 � f t[n] +
h

2
, x[n] +

h

2
k1( )

k3 � f t[n] +
h

2
, x[n] +

h

2
k2( )

k4 � f t[n] + h, x[n] + hk3( )







, (6)

in which f(t, x) is a function corresponding to the right side
of Equation (5) and h is the calculated interval.

2.2. Weak Signal Detection Strategy Based on SR with Bistable
Con�ning Potential. �e essential of SR phenomenon is that
the particles move in the potential well under the interaction
of potential force, periodic force, and noise to consequently
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Figure 1:�e bistable potential function with di�erent parameters.
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achieve the enhancement of system output. In three forces,
the periodic force and the noise are 	xed. �us, the e�ect of
SR depends on the change in potential force. In general, if
the distance between two potential walls is too far, the
particles could not arrive to the wall edge that it is must give
the greater reverse elasticity. On the other hand, when the
distance between two potential walls is too narrow, the
particles cannot arrive to the potential wall edge, so it will go
back prematurely. Similarly, if the potential wall is too steep,
the particles may rebound rapidly due to an intense reverse
elasticity. When the restoring speed is too fast, the periodic

oscillation could not catch up with the restoring speed. If the
wall is too gentle, it cannot give a large enough acceleration
to cause the particles to periodic oscillation.�erefore, when
the potential model has the optimal structure, the system
output can have the best enhancement e�ect.

With these features, to enhance the periodic signal to an
extreme, the potential model should be well adjusted. For the
classical bistable potential (Equation (3)), it is well known
that the potential features can be determined jointly by the
parameters a and b. In other words, it is impossible to tune
one isolate potential feature (e.g., potential width) while
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Figure 2:�e bistable con	ning potential function with di�erent parameters: (a) the bistable con	ning potential change with parameter q at
L0 � 1, U0 � 1, and k � 0.2; (b) the bistable con	ning potential change with parameter L0 at q � 3, U0 � 1, and k � 0.2; (c) the bistable
con	ning potential change with parameterU0 at q � 3, k � 0.2, and L0 � 1; and (d) the bistable con	ning potential change with parameter k
at q � 3, L0 � 1, and U0 � 1.
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keeping the others (e.g., potential wall steepness) invariable
by adjusting the parameters. In this case, we might assume
that the potential wall steepness has been adjusted to the
optimal state, but the optimal barrier height and wall
steepness may not be in the best condition. Hence, the
periodic signal cannot be enhanced optimally. However, we
can look back to the bistable con	ning potential model as
exhibited in Figure 2, and it can be found that the parameters
q, L0, and U0 can mainly determine the potential wall
steepness and barrier height. Additionally, the parameter k
can mainly determine the potential width, barrier height,
and wall steepness. It is sure that the bistable con	ning
potential can achieve the better potential features than
classical bistable. For example, keeping the optimal potential
width by tuning parameter k, and then the relative optimal
wall steepness and barrier height can be obtained, re-
spectively, by adjusting the parameters q, L0, and U0.

To optimally extract the target signal from the strong
noise, the optimal input signal can be obtained by tuning the
potential parameters. Here, the performance of the weak
signal detection is evaluated by employing the output SNR as
a criterion. Subsequently, a strategy to extract the weak fault
characteristics signal based on SR with bistable con	ning
potential is synthetically presented as shown in Figure 3.�e
�ow chart is described as follows:

(1) Signal preprocessing: some common technologies
include 	ltering part of noises, detecting the driving
frequency by signal demodulation when the original
signal is modulated, and the shifting-frequency
rescaling transform which can be performed to
satisfy the small parameter condition when the
driving frequency is greater than 1.

(2) Parameter initialization: initialize the computed
ranges of the bistable con	ning potential parameters
q, L0, U0, and k.

(3) Output calculation: compute the output waveform
by using Equation (6), and then solve the frequency
spectrum and get the SNR.

(4) Output assessment: look for the maximum SNR in
ternary array that corresponds to the varying vari-
ables q, L0, U0, and k by using ant colony search
method and then get the best combination of pa-
rameters corresponding to the maximum SNR.

(5) Postprocessing of the processed signal: the processed
signal is input to the SR system to calculate the 	nal
output and realize the fault diagnosis of the me-
chanical equipment.

3. Performance Evaluation

3.1. E�ect of the SR with Bistable Con�ning Potential. To
intuitively illustrate the generated interaction between the
system output and the potential parameters, a simulated
failure bearing signal is produced and processed by the
BCPSRmethod asmentioned above. As the rolling bearing is
often in the form of impact, the periodic unilateral atten-
uation pulse signal with AGWN is selected as the simulated

signal waveform. �e simulated waveform is generated by
virtue of the below equation:

s(t) � A sin(2πft) · exp −d t− n(t)Td[ ]2{ } +
���
2D

√
ξ(t),

(7)

where A � 1 is the signal amplitude, f � 1 kHz is the
modulation frequency, d � 6fs (fs � 10 kHz is the sampling
frequency) shows the decay rate, n(t) � [t/Td] dominates
the pulses appear cyclical, ξ(t) is the AGWNwhere themean
value is 0 and the variance is 1,

���
2D

√
� 1 is the noise in-

tensity, and Td � 0.02 s is the interval where the impulse
appears (fd � 1/Td � 50Hz is the driving frequency). �e
sampling time is 0.2 s. �e simulated bearing fault signal
without the AGWN, with the AGWN, and corresponding
spectrum are exhibited in Figures 4(a)–4(c), respectively.

After that, the SR equation with the bistable con	ning
potential for dealing with the simulated bearing failure signal
is as follows:
dx

dt
�
−2U0

L20
x exp
−x2

L20
( ) + k sgn(x)|x|q−1

+ A sin(2πft) · exp −d t− n(t)Td[ ]2{ } +
���
2D

√
ξ(t).

(8)

Since the simulated bearing fault signal is modulated, the
Hilbert transform (HT) can be employed to detect the
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Figure 3: Proposed strategy to detect weak signal based on SR with
bistable con	ning potential.
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distinct fault-induced impulse features. Meanwhile, the en-
velop signal of the simulated failure bearing obtained by using
HT is depicted in Figure 5(a) and its spectrum is displayed in
Figure 5(b). From above 	gures, we can see the driving fre-
quency is fd � 50Hz. But there are many interfering fre-
quencies in the spectrum of envelop signal. In practical
application, it is very di�cult for us to identify the driving
frequency of bearing fault signal, thus only depending on
envelop signal the fault frequency cannot be extracted and
identi	ed exactly. In order to meet the requirement of small
parameters, the envelope signals are processed by the shifting-
frequency rescaling transform method, then the parameters of
bistable con	ning potential are optimized by ant colony al-
gorithm. Finally, the output SNRof BCPSRmethod is 22.63dB.
�e time-domain waveform and spectrum are displayed in
Figure 6. In Figure 6(b), it can be visualized that the charac-
teristic frequency of the noise-contaminated signal is displayed
conspicuously. �e characteristic frequency spectrum peak is
0.276, which is 0.23868 higher than that of the surrounding
noise. In the interest of showing the superiority of the BCPSR
method, the same signal is processed by the CBSRmethod.�e
output SNR is 20.17 dB, which is 2.46 dB lower than the BCPSR
method, and the time-domain waveform and spectrum are
shown in Figures 6(c) and 6(d). As observed in Figure 6(d),�e
characteristic frequency spectrum peak is 0.1628, which is
0.11869 higher than that of the surrounding noise. From the
above analysis, it can be known that the BCPSRmethod has the
e�ect of enhancing the weak fault signal obviously and is
superior to the CBSR method.

4. Experimental Verification

To prove the validity of the BCPSR method, the new method
is carried over into the fault characteristic frequency

extraction of a slight damage inner race of bearing. To
further analyze the powerful e�ect of the new method, the
experimental data of missing tooth and broken tooth of
planetary gearbox are used to prove the validation of the new
method.

4.1. Experimental Veri�cation of the Bearing. Rolling bearing
is the key component of rotating equipment, and the
working state of the rolling bearing is bound up with the
operation reliability of the rotating machinery. However, the
rolling bearing is one of the most easily damaged parts in the
machine. In this case, the extraction of the slight damage
inner race of bearing signal is used to con	rm the e�ec-
tiveness of the BCPSR method. Mechanical equipment
failure comprehensive test bench was used in the experi-
ment, as shown in Figure 7. ER-10k rolling bearing is used as
the fault bearing with its size D � 33.5, Z � 8, d � 7.9395,
α � 0∘, (pitch circle diameter of bearing is 33.5mm, the
amount of rolling elements is 8, the diameter of rolling
elements is 7.9395mm, and contacting angle of bearing load
is 0). �e sampling frequency is 2560Hz. According to the
vibration theory analysis, the characteristic frequency of the
inner race of bearing is 212.85Hz, and the time-domain
waveform, power spectrum, and envelope spectrum of the
original signal are shown in Figure 8. It can be concluded
that the target frequency cannot be extracted in the power
spectrum and envelope spectrum because the characteristic
frequency signal is polluted by powerful external in-
terference signals. Hence, the BCPSR method is used to
extract the target frequency of the inner race of bearing. �e
time-domain waveform and power spectrum of the output
waveform are shown in Figures 9(a) and 9(b). In Figure 9(b),
the characteristic frequency spectrum peak is 213.12Hz,
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Figure 4: Simulated bearing fault signal: (a) periodic impulse signal without the AGWN, (b) periodic impulse signal with the AGWN, and
(c) corresponding spectrum.
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which is much higher than the surrounding noise, and it is
closer to the theoretical value 212.85Hz. Hence, we can
draw that the target frequency of the bearing inner race has
been identi	ed by proposed method. To indicate the better
e�ect of the BCPSR method, the collected signals are ap-
plied to the CBSR method, and the time-domain waveform
and power spectrum of the output waveform are shown in
Figures 9(c) and 9(d).�e target frequency of the inner race
of bearing is also extracted by the CBSR method, but it can
be clearly found that the BCPSR method has better e�ect
than the CBSR method. �e spectrum peaks of two
methods are 0.2051 and 0.1289, respectively. Here, the
di�erence between spectrum peak of the characteristic
frequency and the maximum surrounding noise is de	ned
as the recognition degree. �e recognition degree of the
BCPSR method and the CBSR method is 0.10913 and
0.05183, respectively. �e output SNR is 22.68 dB and
21.22 dB, respectively. From the above results, it can be
concluded that the BCPSR method has higher spectral
peak, recognition degree, and output SNR than the CBSR
method in the fault diagnosis experiment of the inner race
of bearing. So, it can judged that the proposed BCPSR
method has a better e�ect.

4.2. Experimental Veri�cation of the Planetary Gearbox.
Comparing with ordinary 	xed-axis gearbox, planetary
gearbox structure is more complex and has unique operation
mode and common complex dynamic load forces.�erefore,
the fault diagnosis problem of planetary gearbox should be
taken seriously. In this case, the fault extraction experiment
on missing tooth and broken tooth of the planetary gearbox
is used to prove the correctness of the BCPSR method. �e
test platform of planetary gearbox is used in the experiment.
�e three-dimensional model and physical model of the
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system bench are shown in Figures 10(a) and 10(b).�e 	rst-
stage sun gear is the tested gear. Parameters of planetary
gearbox are shown in Table 1.�e physical model of the fault
gear is shown in Figures 11(a) and 11(b). In order to simulate
the heavy load operation of the planetary gearbox, the brake
set voltage and current are 1.2V and 1.1 A, respectively.
According to the vibration theory, the characteristic fre-
quency of the 	rst-stage planetary gearbox is calculated and
shown in Table 2.

�e time-domain, power spectrum, and envelope
spectrum of the collected missing tooth and broken tooth
signals are shown in Figure 12, respectively. Due to the
complex operation of the planetary gearbox, heavy loads and
heavy noises, the meshing frequency, and sidebands fre-
quency are not recognized by noise interference. �erefore,
so as to compare the BCPSR method and the CBSR method,
the two methods are carried over into identify the fault

characteristic frequency. �e missing tooth of planetary
gearbox optimal output signal using the proposed BCPSR
method and CBSR method is displayed in Figure 13. In
Figure 13(b), the spectral peak of meshing frequency and
sidebands frequency is much higher than the surrounding
noise by the BCPSR method. �e distance between the
meshing frequency and the sidebands frequency is 9.8 and
9.7, respectively, which is very closely to the theoretical value
10. �e above analysis shows that the sun gear of the 	rst-
stage planetary gearbox was a failure. In Figure 13(d) with
the CBSR method, the distance between the meshing fre-
quency and the sidebands frequency is 9.6 and 9.4, which is
closer to the theoretical value 10. �erefore, it can be
concluded that the 	rst-stage sun gear has been destroyed,
but the spectral peaks of the meshing frequency and the
sideband frequency are lower than those of the BCPSR
method. Similarly, the fault characteristic frequency
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Figure 9: A slight damage inner race of bearing: (a) optimal output signal using the proposed BCPSR method and (b) corresponding power
spectrum; (c) optimal output signal using the CBSR method and (d) corresponding power spectrum.
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Figure 8: Vibration signal and the spectrum of slight damage inner race of bearing: (a) time-domain waveform, (b) power spectrum, and (c)
envelope spectrum.
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extraction experiment of the broken tooth is applied by the
two methods, and the time-domain waveform and power
spectrum are shown in Figure 14. In Figure 14(b), the
spectral peak of meshing frequency and sidebands frequency
is clearly highlighted by BCPSRmethod. However, the CBSR
method can see the obvious meshing frequency and
a sideband frequency, and the other sideband frequency is
disturbed by the noise, resulting in a very small spectral peak.

In addition, comparing the power spectrum in Figures 13(b)
and 14(b), the spectrum peak of meshing frequency and
sidebands frequency of the missing tooth is higher than that
of the broken tooth. *is phenomenon shows that the vi-
bration caused by the missing tooth is higher than that of the
broken tooth, which is consistent with the actual situation.
*e SNR calculated by the two methods is as follows: in the
CBSR method, the output SNR of the missing tooth signal is

Table 1: Parameters of planetary gearbox.

Forms of gear Sun gear Planet gear Gear ring Number of planetary gear
Teeth number of stage 1 20 40 100 3
Teeth number of stage 2 28 36 100 4

The missing tooth

(a)

The broken tooth

(b)

Figure 11: *e physical map of experimental gears: (a) missing tooth and (b) broken tooth.

Table 2: Motor speed and the characteristic frequency of the first-stage planetary gearbox.

Motor
speed

Rotating frequency of sun gear
(fsidebands)

Rotating frequency of planet gear
(fp)

Rotating frequency of gear
ring (fr)

Meshing frequency
(fmesh)

600r/min 10Hz 1.667Hz 0Hz 166.667Hz

(a) (b)

Figure 10: *e experimental platform of planetary gearbox: (a) three-dimensional model and (b) physical map.
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23.08 dB and the output SNR of the broken tooth signal is
21.42 dB. In the BCPSR method, the output SNR of the
missing tooth signal is 25.06 dB, and the SNR of the broken
tooth output signal is 22.18 dB. �erefore, it can be con-
cluded that the BCPSR method is validated in the fault
extraction experiment of the planetary gearbox. Comparing
the BCPSR method with the CBSR method, the BCPSR
method has higher spectrum peak and better recognition
degree and better weak fault signal enhancement capability.

5. Conclusions

As the system parameters of the CBSR method are optimized,
it is di�cult to obtain the perfect potential model structure
due to the simultaneous change of the barrier height and
width, which hinders the enhancement of the weak fault
characteristic frequency and reduces the output SNR. In order
to overcome this shortcoming, a new method for the BCPSR
is proposed. �e following conclusions are drawn:
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Figure 12: Vibration signal and the spectrum of the missing tooth: (a) time-domain waveform, (b) power spectrum, and (c) envelope
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Figure 13: �e missing tooth of planetary gearbox: (a) optimal output signal using the proposed BCPSR method and (b) corresponding
power spectrum; (c) optimal output signal using the CBSR method and (d) corresponding power spectrum.
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(1) �e BCPSR systemmodel is analyzed and its potential
function and structural characteristics are described.
Compared with the CBSR system, the BCPSR system
parameters can not only be independently adjusted
for the local shape of the potential model but also have
a higher theoretical output SNR, which implies that it
can better detect and extract the weak signal in the
strong background noise.

(2) When the barrier height of the CBSR system po-
tential model is adjusted, the potential width is
changed and vice versa. When the potential width
and barrier height are changed synchronously, the
potential structure will not be perfect. �e BCPSR
system potential model can make the potential
width, barrier height, and wall steepness adjusted
independently and simultaneously, so the potential
model has better matching parameters.

(3) �e proposed BCPSR method is applied to a slight
damage inner race of bearing and the missing tooth
and broken tooth of the planetary gearbox. �e
experiment indicates that the BCPSR method not
only can extract the weak characteristic frequency
but also has better recognition, higher fault char-
acteristic frequency spectrum peak, and better SNR
than the CBSR method.

(4) �e proposed BCPSR method is based on the
overdamped state. �e SNR output and the weak
fault diagnosis method of the BCPSR on the
underdamped state and the factors of a�ecting the
saturation for the CBSR are the focus of further work
in the future. In addition, the proposed BCPSR
method is applied to the actual engineering veri	-
cation of the planetary gearbox to further determine
the application e�ect of the method in engineering.
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