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'e transient impact component of early bearing faults is not obvious, and the traditional basis function expansionmethod is poor
in feature extraction under strong noise conditions. In this paper, a transient feature extraction technique is proposed based on
Laplace wavelet and orthogonal matching pursuit algorithm and combined with sparse representation theory. First, the
overcomplete and redundant Laplace wavelet dictionary is adopted to represent vibration signals in a sparse way.'en the Hilbert
resonance demodulation method is employed to obtain the envelope spectrum of sparse representation signal. Finally, the
coefficient calculation problem of sparse representation is solved by orthogonal matching pursuit (OMP) algorithm. Simulation
examples and experimental example are used to examine the performance of the proposed method. 'e results show that the
weak-bearing faults feature extraction can be effectively realized since the transient shock component can be identified. Fur-
thermore, the effectiveness of the proposed method is verified by the cyclic multishock simulated signals as well as the practical
rolling-bearing vibration signals. Moreover, the comparison studies are also carried out to show that the proposed method
outperforms the traditional basis function expansion methods in weak fault feature extraction of bearing.

1. Introduction

Bearings are widely used in aeroengines. Under severe
conditions of high temperature, high pressure, and heavy
load, bearings are prone to failures and seriously affect the
operational safety of aeroengines [1]. 'erefore, it is of great
significance to investigate weak-bearing fault features ex-
traction methods in order to detect bearing faults as early as
possible and avoid safety accidents.

Many researchers have conducted much research from
multiple aspects given the bearing fault diagnosis problem.
For the diagnosis problems with massive multivariate data,
Yang et al. propose a novel feature extraction method called
refined composite multivariate multiscale symbolic dynamic
entropy (RCmvMSDE) to extract discriminative and stable

features with high efficiency [2]. In order to overcome the
difficulties of anomaly detection for multivariate industrial
time series such as poor preprocessing efficiency, feature
extraction difficulty, and lack of abnormal samples, Liang
et al. proposed a novel framework named multitime scale
deep convolutional generative adversarial network (MTS-
DCGAN) with better model performance and robustness
than other comparison algorithms [3]. Besides, variational
mode decomposition (VMD) is widely used in bearings fault
diagnosis. Zhang et al. proposed a novel method of rolling-
bearing fault diagnosis based on VMD and verified that the
VMD can accurately extract the principal mode of bearing
fault signal, and it better than EMD in bearing defect
characteristic extraction [4]. Aiming at the shortcomings of
VMD in processing real nonstationary signals, Yan and Jia
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proposed a modified method known as cuckoo search al-
gorithm-based variational mode decomposition (CSA-
VMD), which decomposes adaptively a multicomponent
signal into a superposition of subsignals termed as intrinsic
mode function (IMF) by means of parameter optimization
[5]. In recent years, intelligent method has also attracted
many researchers’ attention. 'rough collocation of clus-
tering methods, such as Euclidean distance (ED) and the
kernel method of K-means (KM), Li and Gu developed a set
of smart fault-detection approach with chaotic mapping
strategy for an industrial ball-bearing system [6]. Zhou et al.
proposed a new architecture to recognize the degradation
state of the rolling bearing through clustering unlabeled
features by k-means and building convolutional neural
network recognition model [7]. Instead of preprocessing
data, Hoang and Kang use vibration signals directly as input
data, proposed a method for diagnosing bearing faults based
on a deep structure of convolutional neural network, which
has achieved high accuracy and robustness under noisy
environments [8].

In actual situations, the original signal collected by the
sensor contains a large amount of background noise, and it is
challenging to detect accurate bearing state information
from it.'us how to extract fault features under strong noise
conditions has become a focused topic since the last several
decades [9]. 'e basis function expansion method repre-
sented by wavelet transform has occupied an important
position in the fault feature extraction of rotating machinery
for a long time [10]. In 1984, French engineer Morlet
proposed the wavelet transform with reference to Fourier
transform. After years of development, the wavelet theory
has included a variety of wavelet basis functions [11]. Babu
et al. applied the Daubechies wavelet transform method to
the monitoring and diagnosis of rolling bearings [12]. Ma
et al. proposed a denoising method based on Morlet wavelet
transform and applied it to rolling bearing fault vibration
signals [13]. Kumar and Singh proposed a method for
measuring the defect width of tapered roller bearing outer
ring based on Symlet wavelet decomposition [14]. Once the
rolling bearing has a local failure, the shock waveform
generated during operation will show unilateral attenuation
characteristics. Although the basic functions such as Dau-
bechies wavelet, Morlet wavelet, and Symlet wavelet have
localized analysis capabilities, they are all waveforms that
oscillate and decay from the middle to the two sides and are
not suitable for decomposing unilaterally decayed impulse
response signals. According to practical requirements, Lind
et al. constructed Laplace wavelet [15], which had received
widespread attention because of its unilateral attenuation
characteristics similar to the waveform characteristics of
bearing fault signals. However, due to the lack of orthog-
onality, Laplace wavelet cannot directly apply to traditional
wavelet transform. Zi et al. proposed the Laplace wavelet
correlation filtering method and applied it to the extraction
of the impact characteristics of internal combustion engine
faults [16].

In recent years, the sparse representation has been
drawing increasing attention from researchers since it is an
effective and concise signal representation method and can

better capture the essential characteristics of the signal
[17–21]. 'e application of basis functions in wavelet
transform is restricted, but the sparse representation theory
does not have specific requirements for basis functions.

Based on sparse representation theory, various basis
functions are applied to the fault diagnosis of rotating
machinery. Tang applied the idea of sparse representation to
effectively separate the pulse component of the gearbox fault
vibration signal based on the Fourier basis function and
basis pursuit algorithm [22]. Cai et al. built a dictionary
based on the Fourier basis function and short-time Fourier
transform by taking the generalized minimax concave
(GMC) function as the penalty term, in which the sparse
representation coefficients are solved based on the forward-
backward splitting (FBS) algorithm. Good results have been
achieved in the extraction of transient shock components of
gearbox [23]. Aiming at detecting the characteristics of
gearbox fault vibration signals, He et al. proposed a signal
sparse representation method based on the adjustable
Q-factor wavelet and augmented Lagrangian multiplier
method to separate transient shock components and har-
monic components from gearbox fault vibration signals
[24].

In the practical applications, the type of basis function
will directly affect the sparsity of the sparse representation of
the signal. 'erefore, the choice of basis function needs to
conform to the waveform characteristics of the signal
transient impulse component as much as possible. Fourier
basis and adjustable Q factor wavelet basis can be suc-
cessfully applied to gearboxes. Still, they are not suitable for
extracting unilateral attenuation waveforms from the vi-
bration signals of the bearing fault. Furthermore, the al-
gorithms such as basis pursuit, forward-backward splitting,
and augmented Lagrangian multipliers have the problems of
high computational complexity and slow convergence speed
[25, 26].

'e motivation of this paper is to detect a weak-bearing
fault feature extraction method under the framework of
sparse representation. 'e Laplace wavelet is used to select
the sparse dictionary and obtain the sparse representation of
the vibration signals since it is similar to the impact
waveform of the bearing fault signal. In addition, the or-
thogonal matching pursuit algorithm is used to obtain the
coefficients of the sparse representation, which takes ad-
vantage of the small amount of calculation, high compu-
tational efficiency, and strong feasibility [27]. Simulation
examples and experimental examples examine the proposed
method. 'e comparisons of the proposed method with the
traditional basis function expansion method are also carried
out to show the applicability and effectiveness of the pro-
posed method.

2. Sparse Representation of Signal Transient
Impact Components

2.1. Principle of Sparse Representation. Sparse representation
is to express an arbitrarily complex signal as a linear su-
perposition form of the optimal basic waveform matching
the structural characteristics of the signal through an
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appropriate overcomplete redundant dictionary, using as
few atoms as possible [28]. A dictionary is a collection of
generalized basis functions, including a series of parame-
terized or nonparameterized basic waveforms. A single basic
waveform in the dictionary is called an atom. Atom is the
basic unit of signal sparse representation and contains in-
formation about the signal.'e atom herein is different from
the basis function in the traditional method. 'e traditional
signal analysis method is mainly based on the basis function
expansion. 'e basis function must strictly satisfy orthog-
onality, and the types of the basis functions are limited.
However, the atoms have no orthogonality constraints, any
form of waveform structure can be introduced to represent
the original signal, which means that multiple atoms can
represent each other. 'is property is called redundancy.
Moreover, there is no limit to the number of atoms in a
dictionary, and it can even be greater than the length of
signal, which means it is overcomplete.

In mathematics, the original signal x can be represented
by a series of column vectors. 'e dictionary Φ is composed
of M column vectors, and each column vector is an atom
φk (k ∈ (1, M)). Select several suitable atoms from the
overcomplete redundant dictionary to sparsely represent the
original signal. 'is process can be expressed as

x � x + xr � 
M

k�1
αkφk + xr, (1)

where x is the approximation signal of the original signal
x ∈ RN, xr is the residual term, and αk is the sparse rep-
resentation coefficient corresponding to the kth atom φk.

'e essence of sparse representation is an optimization
problem, and it is hoped that the sparse representation result
of the original signal x can be obtained when the residual
term xr is small enough. 'en the sparse representation
model can be constructed as follows:

min ‖α‖0

s.t. ‖x −Φα‖
2
2 ≤ ε,

(2)

where α � [α1, α2, . . . , αM] ∈ RM×1 is the sparse represen-
tation coefficient matrix,
Φ � [φ1,φ2, . . . ,φK] ∈ RN×K(K>N) is the constructed
overcomplete redundancy dictionary, the objective function
of the above model is represented by the l0-norm ‖α‖0 of the
sparse representation coefficient matrix α, and the l0-norm
represents the number of nonzero elements in the matrix,
which is also called the sparsity of the coefficient matrix.

'is optimization problem is a typical NP-hard problem
[29, 30]. 'e amount of calculation to solve the optimal
solution is too large, and it can only accept suboptimal
solutions that are sparse enough. For this reason, researchers
have proposed a variety of algorithms such as matching
pursuit, basis tracking, and orthogonal matching pursuit. It
can be seen from the above model that two problems need to
be solved to achieve the sparse representation of the signal:
(1) How to construct an appropriate overcomplete redun-
dant dictionary Φ and (2) How to solve the suboptimal
sparse representation coefficient matrix α. 'ese two

problems can be solved by the dictionary construction
method and the atomic decomposition algorithm.'e signal
sparse representation process is shown in Figure 1.

2.2. Laplace Wavelet Correlation Filtering Method. 'e
Laplace wavelet is a typical nonorthogonal complex expo-
nential wavelet with apparent unilateral attenuation char-
acteristics. 'e wavelet decays in a “spiral shape” in the
complex space. As shown in Figure 2, both the real number
form and the imaginary number form are very similar to the
unilateral attenuation curve of a single degree of freedom
structure. Since the rolling bearing vibration signal is an
actual signal, only the real number form of Laplace wavelet is
considered, and its analytical expression is as follows:

φ(τ, t) � ψc(t) � ψ(f, ζ, τ, t),

�
Ae

−ζ/
���
1−ζ2

√
2πf(t−τ) sin(2πf(t − τ)), t ∈ [τ, τ + Ws],

0, others,

⎧⎪⎨

⎪⎩

(3)

where f ∈ R+ represents the oscillation frequency, ζ ∈ [0, 1)

represents the viscous damping ratio, the larger ζ is the faster
the Laplace wavelet waveform attenuates, τ ∈ R represents
time parameter, coefficient A is used to achieve amplitude
normalization, Ws ∈ R+ indicates the width of time support,
and parameter vector c � (f, ζ, τ) determines the wavelet
structure and the information contained in the wavelet.

Suppose three vectors F, Z, T correspond to the dis-
cretization parameters f, ζ, τ, respectively, which can be
expressed as

F � f1, f2, . . . , fm  ⊂ R
+
,

Z � ζ1, ζ2, . . . , ζn  ⊂ [0, 1),

T � τ1, τ2, . . . , τp  ⊂ R.

(4)

'en the Laplace wavelet basic waveform library can be
defined as a set Ψ of a group of waveforms ψc(t), which can
be expressed as Ψ � ψ(f, ζ, τ, t): f ∈ F, ζ ∈ Z, τ ∈ T .

'e correlation coefficient can evaluate the similarity of
two sets of signals, which can be defined by the inner
product. For two discrete vectors x, y of finite length, the
inner product is expressed as

〈x, y〉 � ‖x‖2‖y‖2 cos θ, (5)

where θ is related to the linearity between x and y, which can
reflect the relativity of the two vectors. If x and y are
completely linearly related, then A is θ equal to 0. Define the
correlation coefficient cc as cos θ, which holds

cc � cos θ �
|〈x, y〉|

‖x‖2‖y‖2
. (6)

'e correlation coefficient reflects the degree of corre-
lation between x and y. If x and y are completely linearly
related, then cc � 1.

'e correlation filtering method [31] uses the basic
waveform parameters τ of different Laplace wavelets in the
basic waveform library to achieve translation across the
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entire time history of the signal. It calculates the correlation
coefficient between each wavelet atom and the signal. 'e
maximum correlation coefficient value indicates that the
modal parameter of the measured object at the moment (τ)
is closest to the parameter (f, ζ) corresponding to the basic
waveform of the Laplace wavelet.

'e basic waveform above is called the optimal Laplace
wavelet atom. 'e correlation filtering method cannot di-
rectly construct an analytical dictionary but can only find a
wavelet atom most similar to the original signal transient
impulse waveform structure. To construct the dictionary, the
sparseness and periodicity of the impact component in the
rolling bearing fault signal can expand the optimal wavelet
atom ψ(f, ζ) into a series of wavelet atoms by changing the
time parameter τ, thus forming the Laplace wavelet dic-
tionary Φ(f, ζ, τ, t). 'en, to ensure the accuracy of the
sparse representation result, the translation step of the time
parameter τ takes the inverse of the sampling frequency.

2.3.OrthogonalMatchingPursuitAlgorithm. 'e orthogonal
matching pursuit (OMP) algorithm is a typical greedy al-
gorithm developed from the matching pursuit (MP) algo-
rithm. Orthogonal matching pursuit is essentially an
iterative decomposition process. First, according to the
correlation, select the atom that best matches the current
residual signal structure feature in the overcomplete re-
dundant dictionary. 'en, perform Schmidt orthogonali-
zation on all the selected atoms, remove the component
corresponding to the atom from the signal, and obtain the

residual signal of the next iteration. 'e residuals are or-
thogonal to the selected atoms in each iteration. Finally,
iterate until the residual signal reaches a certain approxi-
mation accuracy or reaches a predetermined number of
iterations. 'en, the signal can be approximated by a linear
combination of multiple atoms.

To solve the problem of slow convergence speed and the
large number of iterations of the MP algorithm, the OMP
algorithm adds an orthogonalization process in each iter-
ation process to ensure that the residual signal is orthogonal
to all selected atoms. In the ith iteration, define a matrix Φ1
and subspace V composed of all the selected atoms
φc1,φc2, . . . ,φci, and then the operator of orthogonal pro-
jection to the subspace V is Φ1(ΦT

1Φ1)
−1ΦT

1 . 'e iterative
update of the residual term can be expressed as

ri+1 � ri −Φ1 Φ
T
1Φ1 

−1
ΦT

1 ri. (7)

For the known original signal x and dictionary Φ, the
specific process of orthogonal matching pursuit is as follows.

(1) Initialization: suppose the residual term is r0, set the
iteration decomposition number i � 1, and give the
iteration termination condition, which is the signal
approximation accuracy requirement ε or the
maximum iteration decomposition number n.

(2) Optimization problem. Solve

max
φc

〈ri−1,φc〉. (8)

Calculate the inner product of ri−1 and each atom
φ(τ, t) in the dictionary Φ, the atom with the largest
inner product is the optimal atom φci for this iter-
ation. 'e essence of this step is to solve the opti-
mization problem of Formula (2).

(3) Update. Calculate the weighting factor

αi �〈ri−1,φci〉. (9)

Update residual items. Define a matrixΦ1 composed
of all selected atoms φc1,φc2, . . . ,φci, the iterative
update of the residual items can be expressed as

ri+1 � ri −Φ1 Φ
T
1Φ1 

−1
ΦT

1 ri, (10)

where Φ1(ΦT
1Φ1)

−1ΦT
1 is an orthogonal operator.

(4) Judge the termination condition of iteration by
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Figure 1: Signal sparse representation process.
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Figure 2: Laplace wavelet waveform.
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ri

����
����2

‖x‖2
≤ ε, or, i � n. (11)

'e orthogonal matching pursuit is terminated if the
iteration termination condition is met. If the ter-
mination conditions are not met, continue to set
i � i + 1, and perform steps (2)∼(4) again.

(5) Output iteration results. Reconstructed signal x by

x � 
n

i�1
αiφci. (12)

2.4. Computation Complexity. As described in 2.2 and 2.3,
this method has parameters such as F, Z, n, and x. 'e
computation complexity (FLOPs) under different parame-
ters is shown in Table 1. First, it can be seen from Table 1 that
the sequence length of x can significantly affect the per-
formance of this method, the computation complexity in-
creases by the square of the sequence length of x. Besides, the
number of iterations is closely related to the algorithm
performance, and the computation complexity is propor-
tional to n. Compared with x and n, remaining parameters
such as Ws, F, and Z have much less effect on the algorithm
performance. 'e increment of computation complexity is
proportional to the number of F, the number of Z, and the
length of Ws.

3. Analysis of Simulation Examples

To verify the applicability of extracting the weak impact
component of the signal through orthogonal matching
pursuit under the Laplace wavelet dictionary, a cyclic uni-
lateral attenuation impact signal is constructed below, and
the simulation signal is analyzed. 'e signal is composed of
the Laplace wavelet base and Gaussian white noise. 'e
Laplace wavelet simulates the impact component in the fault
vibration signal of rotating machinery, and the background
noise is affected by Gaussian white noise. 'e simulation
signal expression is as follows:

x(t) � 
i

d t − iT0(  + Ann(t)

� 
i

e
−ζ0/

���
1−ζ20

√
·2πf0 t−τ0−iT0( ) × sin 2 πf0 t − τ0 − iT0(  

+ Ann(t).

(13)

where time t ∈ [0, 1], oscillation frequency f0 � 200Hz,
viscous damping ratio ζ0 � 0.05, τ0 � 0.1 s, transient shock
cycle T0 � 0.2 s, number of cycles i � 0, 1, 2, 3, 4, noise
amplitude An � 0.1m/s2, n(t) is Gaussian white noise with a
noise intensity of 0.2 dBw, signal-to-noise ratio after adding
noise to the signal is −10.458 dB, and the sampling frequency
for discretizing the signal is 2000Hz.'e simulation signal is
shown in Figure 3. Figure 3(a) is the time-domain waveform
of the cyclic unilateral attenuation simulation signal, and
Figure 3(b) is the simulation signal after adding noise.

According to the correlation filtering method, it is cal-
culated that the maximum value of the correlation coeffi-
cient is obtained at time τ � 0.1 s, and the Laplace wavelet
atom that best matches the original signal is obtained. 'e
maximum value of the correlation coefficient is 0.821, and
the optimal wavelet atom can be expressed as
d(t, τ) � ψ1(f, ζ, τ, t), where f � 197Hz, ζ � 0.045, τ
� 0.3 s. 'e optimal wavelet atom is shown in Figure 4(a).
Keeping the oscillation frequency f and viscous damping
ratio ζ unchanged, τ is equally spaced in the entire time
history according to the reciprocal of the sampling frequency
(1/fs), and a redundant Laplace wavelet dictionary
D(τ, t) � ψ(197, 0.045, τ, t) is obtained. 'e sparse rep-
resentation coefficients can be obtained by solving the model
with the OMP algorithm, as shown in Figure 4(b), where the
signal approximation accuracy is required to be 0.1. 'e
relatively large nonzero coefficients in the figure appear at
0.1, 0.3, 0.5, 0.7, and 0.9 s, respectively, corresponding to the
moment when the transient impact component of the
simulation signal is generated. Figure 4(c) shows the signal
waveform obtained from sparse representation sparse re-
construction. Perform Hilbert envelope demodulation
analysis on the reconstructed signal in Figure 5 to get the
envelope spectrum, as shown in Figure 6. 'e characteristic
frequency of the reconstructed signal is 5Hz, which is
consistent with the theoretical value.

'e correlation coefficient can reflect the similarity of the
two signals. 'e correlation coefficient is calculated on the
reconstructed signal in Figure 7 and the noise-free simulation
signal in Figure 3(a). 'e correlation coefficient is 0.821, which
shows that the method in this paper can accurately determine
the moment when the transient impact component is gener-
ated for the cyclic unilateral attenuation signal. 'e extracted
impact component is also very similar to the unilateral at-
tenuation waveform in the simulation signal.

To further verify the method’s ability to identify the
moment of transient impact components and its anti-in-
terference ability against strong noise, Table 1 lists the
identified impact response moments under different noise
intensities and gives the correlation coefficients of the
corresponding reconstructed signal and the original noise-

Table 1: 'e computational complexity (FLOPs) under different
parameters.

Length of
x

Length of
Ws

Number of
F

Number of
Z

n FLOPs

1000 25 2 2 10 21.76M
1000 25 2 2 20 43.50M
1000 25 2 2 40 89.44M
1000 25 4 2 10 22.27M
1000 25 8 2 10 23.31M
1000 25 4 4 10 23.31M
1000 25 2 4 10 22.28M
1000 25 2 8 10 23.31M
1000 50 2 2 10 23.10M
1000 100 2 2 10 25.78M
2000 25 2 2 40 338.73M
4000 100 8 8 10 463.79M
4000 25 2 2 40 1317.29M
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free signal. In the table, Pn represents the noise intensity,
SNR represents the signal-to-noise ratio, ti represents the
impulse response time identified by this method, and CC

represents the correlation coefficient of the reconstructed
signal and the original no-noise signal. 'e signal-to-noise
ratio is defined as SNR � 10 × lg(Ps/Pn), where Ps and Pn

represent the intensity of the noise-free signal and noise,
respectively.
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Figure 3: 'e simulation signal. (a) Cyclic unilateral attenuation simulation signal. (b) 'e noisy simulation signal.
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Figure 4: Results of sparse representation. (a)'e optimal Laplace wavelet atom. (b) Sparse representation coefficient. (c)'e reconstructed
signal.
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It can be seen from Table 1 that when the signal-to-noise
ratio reaches −17.447, the difference between the identified
impulse response time and the impulse response time of the
original signal is still slight. In contrast, the correlation
coefficient of the reconstructed signal and the original signal
is not low. As the signal-to-noise ratio increases, the cor-
relation coefficient of the reconstructed signal and the
original no-noise signal rises rapidly, and the effect of signal
reconstruction has also become better. It can accurately
identify when the impulse response occurs and better restore
the original signal.

4. Analysis of Experimental Examples

To further verify the effectiveness of the Laplace wavelet
combined with orthogonal matching pursuit in extracting
weak fault characteristics of bearings, the proposed method
is applied to extract the transient impact components of the
fault vibration signals of the inner and outer rings of rolling
bearings. Because the contact between the rolling element
and the fault point of the inner/outer ring is intermittent and
cyclic in time at a constant speed, the shock component of
the vibration signal appears as a sparse and periodic uni-
lateral attenuation waveform. 'en sparse representation
can be achieved by the method proposed in this paper.

'e experimental calculation examples in this paper
quoted the rolling bearing vibration acceleration signal from
the Bearing Data Center of Western Reserve University in
the United States [32, 33]. 'ese data are widely used in the
research of fault diagnosis of rotating machinery. 'e ap-
pearance of the experimental platform is shown in Figure 7,
and the schematic diagram is shown in Figure 6. 'e ex-
perimental platform consists of four parts, including a
1.5KW motor, torque sensor, power tester, and electronic
controller (not included in the picture). 'e tested bearing is
installed above the bearing seat of the fan end and the drive
end of the motor. 'e motor shaft is supported by the
bearing to be tested and provides power for the bearing. 'e
bearing model of the fan end is SKF6203-2RS, and the
bearing model of the drive end is SKF6205-2RS. A 16-
channel data collector collects the acceleration signal, and
the sampling frequency is 12 k and 24 k. 'e pitting failures
were processed in the rolling element, inner ring, and outer
ring using the electric discharge machine. 'e fault diameter
includes 0.1778, 0.3556, and 0.5334mm and the fault depth
is 0.2794mm. Working conditions include four speeds of
1730, 1750, 1772, and 1797 rpm and four loads of 0, 0.75, 1.5,

and 2.25 kW. 'e experiment collects a set of experimental
data with a length of 120,000 under different loads, different
speeds, and different levels of failure.

'e lengthy experimental data were screened to study
the extraction of weak fault features, and the rolling bearing
model SKF6205-2RS was selected as the research object. 'e
data came from the driving end.'e structural parameters of
the bearing are shown in Table 2 [33]. A pitting failure with a
diameter of 0.1778mm and a depth of 0.2794mm was
machined using the electric discharge machine to simulate
the local weak failure of the bearing in engineering appli-
cations. 'e spindle speed is 1730 rpm (fr � 28.83Hz), the
sampling frequency is 12 kHz, the load is 0, the number of
sampling points is 2400, and the sampling time t � 0.2 s.
After calculation, the theoretical values of the fault char-
acteristic frequencies corresponding to the inner ring and
the outer ring are 156.14Hz and 103.36Hz.

4.1. Feature Extraction of Weak Faults in Bearing Inner Ring.
'e time-domain waveform of the weak fault vibration
signal of the inner ring of the rolling bearing is shown in
Figure 8. 'e time-domain waveform is used as the research
object for extracting the weak fault feature of the inner ring
based on the Laplace wavelet combined with orthogonal
matching pursuit.

First, perform correlation filtering calculations on the
waveform shown in Figure 8 to obtain the Laplace wavelet
atom that best matches the time domain waveform. 'e
optimal wavelet atom can be expressed as
d(t, τ) � ψ1(f, ζ, τ, t), where f � 3610Hz, ζ � 0.03, and τ
� 0.0638 s. 'e optimal wavelet atom is shown in
Figure 9(a). Keeping the oscillation frequency f and viscous
damping ratio ζ unchanged, τ is equally spaced in the entire
time history according to the reciprocal of the sampling
frequency (1/fs), and a Laplace wavelet dictionary D(τ, t) �

ψ(3610, 0.03, τ, t) is obtained.
Second, the sparse representation coefficient is solved by

the orthogonal matching pursuit algorithm, and the signal
approximation accuracy is set to 0.1. 'e calculation result is
shown in Figure 9(b). From the figure, the time when the
impact component of the inner ring fault is generated can be
intuitively distinguished. Figure 9(c) shows the weak fault
vibration signal of the bearing inner ring reconstructed from
the Laplace wavelet dictionary and the sparse representation
coefficient.

Perform Hilbert envelope demodulation on the recon-
structed signal to get its envelope spectrum, as shown in
Figure 10. It shows that the characteristic frequency of the
inner ring impact fault of the rolling bearing is 155.5Hz,
which is basically consistent with the theoretical value. It can
be seen that the method proposed in this paper can effec-
tively extract the characteristic frequency of the inner ring
impact fault under strong noise.

4.2. Feature Extraction of Weak Faults in Bearing Outer Ring.
'e time-domain waveform of the weak fault vibration
signal of the outer ring of the rolling bearing is shown in
Figure 11. 'e time-domain waveform is used as the

Figure 7: Experiment rig of the rolling bearing.
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Table 2: 'e analysis results the simulated signal with the proposed method at different SNR.

Pn/dB w SNR/dB ti/s CC

0.03 −2.218 0.100 0.300 0.500 0.700 0.900 0.969
0.04 −3.347 0.100 0.300 0.500 0.700 0.900 0.945
0.06 −5.229 0.100 0.300 0.500 0.700 0.900 0.944
0.08 −6.478 0.100 0.300 0.500 0.700 0.900 0.916
0.1 −7.447 0.097 0.300 0.499 0.700 0.897 0.876
0.15 −9.208 0.100 0.300 0.500 0.700 0.900 0.861
0.2 −10.458 0.100 0.300 0.500 0.700 0.900 0.821
0.3 −12.218 0.099 0.301 0.497 0.699 0.899 0.771
0.5 −14.437 0.100 0.297 0.500 0.695 0.891 0.686
1 −17.447 0.099 0.283 0.500 0.692 0.898 0.582
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Figure 8: Time-domain waveform of impact fault of bearing inner ring.
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Figure 9: 'e results of sparse representation of the vibration signal of the weak fault of the bearing inner ring. (a) 'e optimal Laplace
wavelet atom. (b) Sparse representation coefficients. (c) 'e reconstructed signal.
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research object for extracting the weak fault feature of the
outer ring based on Laplace wavelet combined with or-
thogonal matching pursuit.

First, perform correlation filtering calculations on the
waveform shown in Figure 11 to obtain the Laplace wavelet
atom that best matches the time domain waveform. 'e
optimal wavelet atom can be expressed as
d(t, τ) � ψ1(f, ζ, τ, t), where f � 3390Hz, ζ � 0.01, and τ
� 0.1571 s. 'e optimal wavelet atom is shown in
Figure 12(a). Expand the Laplace wavelet dictionary
D(τ, t) � ψ(3390, 0.01, τ, t) from the optimal wavelet
atom.

Second, the sparse representation coefficient is solved by
the orthogonal matching pursuit algorithm, and the signal
approximation accuracy is set to 0.1. 'e calculation result is
shown in Figure 12(b). From the figure, it is possible to
visually distinguish the time when the outer ring fault impact
component occurs. Figure 12(c) shows the reconstructed
vibration signal of the weak fault of the bearing outer ring.

Perform Hilbert envelope demodulation on the recon-
structed signal to get its envelope spectrum, as shown in
Figure 13. It shows that the characteristic frequency of the
outer ring impact fault of the rolling bearing is 103.2Hz,
which is basically consistent with the theoretical value. It can
be seen that the method proposed in this paper can effec-
tively extract the characteristic frequency of the outer ring
impact fault under strong noise.

4.3. Feature Extraction Results of Weak-Bearing Faults.
'e above-mentioned experimental analysis shows that the
characteristic frequencies of the bearing inner ring fault and

outer ring fault extracted by the method proposed in this
paper are basically consistent with the theoretical values, and
the relative errors are 0.730% and 0.832%, respectively. 'e
method proposed in this paper can effectively extract the
weak fault characteristics of the bearing under strong
background noise.

To further verify the superiority of the proposed
method compared with the traditional basis function
expansion method, a comparative analysis of the ampli-
tude of the fault characteristic frequency extracted by
various methods is carried out. 'e wavelet transform
method used in literature [14–16] is selected as the control
group, and Symlet wavelet base, Morlet wavelet base, and
Daubechies base are used, respectively. In order to en-
hance the reliability of the calculation results, calculate 20
vibration signals with a length of 0.2 s and take the average
value as the calculation result. Comparing the extraction
effects of several methods is essentially comparing the
prominence of the characteristic frequency in the fre-
quency spectrum. 'erefore, it is necessary to set a di-
mensionless characteristic quantity as an evaluation
index. 'e frequency conversion amplitude is taken as the
benchmark to normalize the amplitude, and the calculate
results are shown in Table 3. We can observe that the
normalized amplitude of the inner ring impact fault
extracted based on the method proposed in this paper is
9.68%–20.45% better than the wavelet transform. 'e
extracted outer ring impact fault characteristic frequency
normalized amplitude is 18.49%–68.27% better than
wavelet transform. It means that the fault characteristic
frequency obtained by the method proposed in this paper
is more prominent, which is helpful to identify the fault
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Figure 10: 'e envelope spectrum for the reconstructed signal of inner ring fault.
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Figure 11: Time-domain waveform of weak fault vibration signal of bearing outer ring.
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type of the bearing. In summary, from the perspective of
the frequency and amplitude of the fault, the method
proposed in this paper has more significant advantages

than the traditional basis function expansion method
represented by wavelet transform and has achieved good
results in bearing fault diagnosis, as shown in Table 4.
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Figure 12: 'e results of sparse representation of the vibration signal of the weak failure of the outer ring of the bearing. (a) 'e optimal
Laplace wavelet atom. (b) Sparse representation coefficients. (c) 'e reconstructed signal.
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Figure 13: 'e envelope spectrum for the reconstructed signal of outer ring fault.

Table 3: Parameters of deep groove ball-bearing SKF6205-2RS.

Parameter name Parameter value
Number of rolling elements 9
Inner ring diameter (mm) 25
Outer ring diameter (mm) 52
Pitch diameter (mm) 39.04
Rolling element diameter (mm) 7.94
Contact angle (°) 0
Inner ring impact fault characteristic frequency fi (Hz) 156.14
Outer ring impact fault characteristic frequency fo (Hz) 103.36
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5. Conclusions

Under the framework of sparse representation theory, a
feature extraction method for weak-bearing faults based on
Laplace wavelet and orthogonal matching tracking is pro-
posed. It mainly solves two problems in the sparse repre-
sentation of signals:

On the one hand, the optimal wavelet atom is obtained
through the Laplace wavelet correlation filtering method,
and the time parameters are changed to expand into a
wavelet dictionary; on the other hand, the orthogonal
matching pursuit algorithm is used to solve the sparse
representation coefficients, and the transient impact com-
ponents in the vibration signal are converted into a series of
representation coefficients under the wavelet dictionary.
Aiming at the sparse representation of the signal, the Hilbert
resonance demodulation method is used to obtain the fault
characteristic frequency, and the weak fault characteristic
extraction under strong background noise is realized.

'rough the analysis of simulation examples, it is found
that the proposed method can identify the moment when the
transient impact component is generated, and the anti-in-
terference ability against strong noise is verified. 'ese re-
sults show that the method in this paper is suitable for
extracting the weak impact component under strong noise.
'en, the proposed method is applied to the feature ex-
traction of rolling bearing faults. 'e analysis results show
that the method can effectively extract the characteristic
frequencies of weak inner ring faults and weak outer ring
faults and then accurately judge the state of the bearing. 'e
three wavelet transform methods mentioned in literature
3–5 are used to extract the characteristic frequency ampli-
tude of the bearing fault, and the characteristic frequency
amplitude of the fault is processed nondimensionally based
on the rotation frequency amplitude. 'e comparison and
analysis of the feature extraction effect of the method in this
paper and the three wavelet transform methods verify the
superiority of the method in this paper compared with the
traditional basis function expansion method.

Nomenclature

x: Original signal
x: Approximation signal
xr: Residual term
Φ, D: Dictionary
φk: Atom
α: Sparse representation coefficient matrix
αk: Sparse representation coefficient

f: Oscillation frequency
ζ: Viscous damping ratio
τ: Time parameter
t: Time
A: Amplitude coefficient
Ws: Width of time support
n: Number of iterations of OMP algorithm
ri: i th iteration
cc: CC correlation coefficient
Ps: Noise-free signal intensity
Pn: Noise intensity
SNR: Signal-to-noise ratio.
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