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Abstract
Since it is difficult to obtain the accurate running status of mechanical equipment with only 
one sensor, multisensor measurement technology has attracted extensive attention. In the field 
of mechanical fault diagnosis and condition assessment based on vibration signal analysis, 
multisensor signal denoising has emerged as an important tool to improve the reliability of the 
measurement result. A reassignment technique termed the synchrosqueezing wavelet transform 
(SWT) has obvious superiority in slow time-varying signal representation and denoising 
for fault diagnosis applications. The SWT uses the time–frequency reassignment scheme, 
which can provide signal properties in 2D domains (time and frequency). However, when the 
measured signal contains strong noise components and fast varying instantaneous frequency, 
the performance of SWT-based analysis still depends on the accuracy of instantaneous 
frequency estimation. In this paper, a matching synchrosqueezing wavelet transform (MSWT) 
is investigated as a potential candidate to replace the conventional synchrosqueezing transform 
for the applications of denoising and fault feature extraction. The improved technology 
utilizes the comprehensive instantaneous frequency estimation by chirp rate estimation to 
achieve a highly concentrated time–frequency representation so that the signal resolution can 
be significantly improved. To exploit inter-channel dependencies, the multisensor denoising 
strategy is performed by using a modulated multivariate oscillation model to partition the 
time–frequency domain; then, the common characteristics of the multivariate data can be 
effectively identified. Furthermore, a modified universal threshold is utilized to remove 
noise components, while the signal components of interest can be retained. Thus, a novel 
MSWT-based multisensor signal denoising algorithm is proposed in this paper. The validity 
of this method is verified by numerical simulation, and experiments including a rolling 
bearing system and a gear system. The results show that the proposed multisensor matching 
synchronous squeezing wavelet transform (MMSWT) is superior to existing methods.
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1. Introduction

A variety of equipment in the metallurgical industry, such 
as converter tilting mechanisms and ladle rotary tables, play 
unique and important roles in production processes. Since 
such equipment normally works over a long term in environ-
ments with high temperature and high humidity, and with-
standing heavy workload, the mechanical components of the 
equipment may be damaged during operation. An equipment 
accident will seriously affect production efficiency, and cause 
serious economic losses. Therefore, state monitoring of run-
ning equipment based on vibration measurement and signal 
analysis techniques has vital significance to ensure safety 
[1, 2]. There is no doubt that signal processing is an impor-
tant part of measurement science. Our goal is to improve 
the signal-to-noise ratio of the measured signals and achieve 
accurate identification of fault characteristics. Existing signal 
processing methods, such as detrended fluctuation analysis 
[3], have some limitations in dealing with the nonlinear and 
non-stationary fault signal. Some advanced signal processing 
methods, such as the synchrosqueezing transform, have 
attracted much attention in denoising [4].

Currently, there are two kinds of signal processing methods 
that arouse the interest of many researchers. One is adaptive 
decomposition methods based on data-driven techniques, 
such as empirical mode decomposition (EMD) [5]. The other 
kind is frequency redistribution methods, such as the syn-
chrosqueezing transform [6, 7], whose core idea is to shift 
the time frequency distribution to the center of the energy in 
the time–frequency plane. Although the most representative 
adaptive decomposition algorithm, EMD and its modified ver-
sion have some disadvantages, like modal aliasing and the end 
effect [8, 9]. Instantaneous frequency describes the rapid oscil-
lation characteristics of a vibration signal in a continuous time 
span [10]. Therefore, accurate estimation of the instantaneous 
frequency is important research in the field of structural states 
monitoring and fault diagnosis. Conventional time–frequency 
analysis methods, including the short-time Fourier transform 
[11], wavelet transform [12], and Wigner Ville distribution 
[13], always result in obscure time–frequency representation. 
To solve this problem, Daubechies et al [14] proposed the syn-
chrosqueezing wavelet transform (SWT), which belongs to a 
time–frequency rearrangement algorithm [15]. This method 
aims to improve the time–frequency distribution of aggre-
gation in the scale domain and reduce the distortion of the 
instantaneous frequency curve. Most importantly, it supports 
signal reconstruction and offers better readability, namely 
time–frequency resolution. Since the SWT has a more solid 
mathematical foundation than EMD, it is more suitable for 
the early fault diagnosis of key equipment components under 

complicated measurement environments, such as strong noise 
interference [16].

A variety of new methods based on synchronous transforma-
tion have been proposed, such as synchronous S-transform [17], 
second-order  synchrosqueezing transform (SST) [18], and syn-
chronous wavelet packet transform [19]. However, the existing 
SST methods follow the assumption that the signal has a slow 
time-varying instantaneous frequency, and the reassignment is 
based on the instantaneous frequency estimation. Essentially, 
it is a zero-order estimation of the true instantaneous fre-
quency. Actually, these methods perform unexpectedly. Hence, 
an improved SWT, namely the matching synchrosqueezing 
wavelet transform (MSWT), was investigated to achieve a 
highly concentrated time–frequency representation, even for 
signals with strong noise components. A zero-order instanta-
neous frequency estimation was employed in the original SWT. 
Conversely, the MSWT was proposed with a high-order esti-
mation by incorporating the instantaneous frequency estimation 
and group delay estimation, which transformed the chirp rate 
estimation into a comprehensive and accurate time–frequency 
representation [20]. Therefore, the MSWT had better perfor-
mance in feature frequency identification.

Facing feature information recognition, it is commonly 
accepted that multisensor information fusion technology has 
better performance than traditional signal processing using 
a single sensor. In the domain of multisensor signal pro-
cessing, Aminghafari et  al [21] firstly proposed the multi-
variate wavelet denoising (MWD) algorithm, and carried out 
principal component analysis (PCA) on the detail coefficient 
matrix to determine the universal threshold of noise removal. 
However, the noise component has an obvious influence on 
matrix decomposition results, and the correlation between the 
multi-channels could not be fully considered. Subsequently, 
research has focused on bivariate empirical mode decomposi-
tion [22], trivariate empirical mode decomposition [23], and 
multivariate empirical mode decomposition [24]. However, 
the adopted high-dimensional uniform sampling strategy is not 
able to reflect the high-dimensional distribution characteristics 
of the collected data. Meanwhile, there are some deficiencies 
in the decomposition ability of the complex noisy signal. One 
study used quaternion singular spectrum analysis to couple 
four-channel signals [25]. However, the requisite four-channel 
signal is a special case, and it cannot meet the needs of reality. 
Distinguished from traditional univariate denoising methods, 
the multivariate denoising approach is more complex. 
Recently, multivariate wavelet synchrosqueezing denoising 
(MWSD) was proposed for float drift denoising [26, 27]. This 
could be achieved by partitioning the time–frequency domain, 
which aims to identify a set of common modulated oscilla-
tions to the multisensor data. The notion of the modulated 
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multivariate oscillation has been introduced in [28], where 
modulated oscillations in multiple channels were modeled by 
a single oscillatory structure. The results demonstrated that 
the synchrosqueezing transform theory can be regarded as a 
powerful tool in dealing with noisy multisensor data.

In this paper, an improved multisensor signal denoising 
algorithm based on the matching synchroqueezing wavelet 
transform and modulated multivariate oscillation model, i.e. 
a multisensor matching synchronous squeezing wavelet trans-
form (MMSWT), is proposed and well-studied. The improved 
method utilizes the comprehensive and accurate high-order 
instantaneous frequency estimation to replace the instanta-
neous frequency estimation in the MWSD method described in 
[26]. The structure of this paper is as follows: in section 2, the 
properties of the MSWT and the multisensor signal denoising 
method based on the modulated multivariate oscillation model 
are briefly introduced. Then, it focuses on the proposed mul-
tisensor denoising algorithm. In sections 3–5, the numerical 

simulated signal (section 3) and experimental signal (sections 
4 and 5) collected from a damaged rolling bearing system are 
analyzed using the proposed algorithm to verify the validity 
of the method. Our conclusions are summarized in section 5.

2. Proposed method

2.1. MSWT [20]

The synchrosqueezing transform of a signal is based on the 
wavelet transform. Given the measured signal x(t), the con-
tinuous wavelet transform [29] can be expressed as follows:

Wψ
x (a, b) =

∫
a−1/2ψ∗

(
t − b

a

)
x(t)dt, (1)

where a denotes the scale factor, b is the shift factor, ψ(t) 
represents the mother wavelet function, and ψ∗(t) is corre-
sponding to complex conjugate operator to ψ(t). Essentially, 

Figure 1. Flowchart of the proposed method for fault diagnosis.

Meas. Sci. Technol. 29 (2018) 045104
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Figure 2. Time and frequency responses of the three-sensor numerical simulation signal. (a) Signal of the first sensor in the time domain. 
(b) Signal of the first sensor in the frequency domain. (c) Signal of the second sensor in the time domain. (d) Signal of the second sensor in 
the frequency domain. (e) Signal of the third sensor in the time domain. (f) Signal of the third sensor in the frequency domain.

Meas. Sci. Technol. 29 (2018) 045104



C Yi et al

5

Figure 3. Comparison of the denoising performance of the simulation signal between MWSD (figures (a), (c) and (e)) and MWD (figures 
(b), (d) and (f)). (a) Signal of the first sensor denoised by MWSD. (b) Signal of the first sensor denoised by MWD. (c) Signal of the second 
sensor denoised by MWSD. (d) Signal of the second sensor denoised by MWD. (e) Signal of the third sensor denoised by MWSD.  
(f) Signal of the third sensor denoised by MWD.

Meas. Sci. Technol. 29 (2018) 045104
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Wψ
x (a, b) is provided by inner production between the anal-

ysis signal and the wavelet function. It should also be noted 
that for different scale factors there are some overlaps among 
wavelet filters. For instance, given a single harmonic signal 
with a frequency w, if the primary frequency of the mother 
wavelet is w0, the wavelet coefficients should be theoretically 
concentrated in the location a = w0/w. However, the actual 
wavelet coefficients are often diffused in the scale direc-
tion, and cannot be focused as expected, and thus the time–
frequency graph becomes fuzzy. Therefore, an estimation of 
the instantaneous frequency wx(a, b) for each scale–time pair 
(a, b) can be calculated as in [30]:

wx(a, b) = −iWψ
x (a, b)−1 ∂Wψ

x (a, b)
∂b

, (2)

where i =
√
−1  is the imaginary unit. By calculating the 

instantaneous frequency, the time–scale plane (b, a) can be 
mapped into the time–frequency plane (b, wx(a, b)) in order 
to realize a sharpened time–frequency representation, which 

is the basic idea of the SWT [14]. Then, the SWT can be 
expressed as follows:

T(w, b) =
∫

Wψ
x (a, b)a−3/2δ(wx(a, b)− w)da, (3)

where δ (•) is the Dirac function. Since the SWT is the rear-
rangement of the complex wavelet coefficients in the fre-
quency domain, it is reversible and applicable for signal 
reconstruction. The traditional SWT has certain advantages 
for stationary signal analysis; however, the vibration signals 
of rolling mills and aircraft engines have non-stationary and 
nonlinear characteristics. Taking this into consideration, a 
novel MSWT method [20] that can realize the energy rear-
rangement in the scale direction and ignore the change in time, 
is introduced in this paper. Firstly, the time–frequency estima-
tion, group delay estimation, and linear frequency modulation 
estimation are defined, respectively, as follows:

w̃x(a, b) =
∂bWψ

x (a, b)

iWψ
x (a, b)

 (4)

Figure 4. Results computed by the MMSWT. (a) Signal of the first sensor denoised by the MMSWT. (b) Signal of the second sensor 
denoised by the MMSWT. (c) Signal of the third sensor denoised by the MMSWT.
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t̃x(a, b) = b +
aWt ψ

x (a, b)

Wψ
x (a, b)

 (5)

c̃x(a, b) =
∂bw̃x(a, b)
∂bt̃x(a, b)

. (6)

Based on the three estimations described in equations (4)–(6), 
the new instantaneous frequency estimation based on linear 
frequency modulation is expressed as follows:

w̃m
x (a, b) = w̃x(a, b) + c̃x(a, b)[b − t̃x(a, b)]. (7)

Based on the definition of instantaneous frequency estima-
tion in equation (7), the rapid change of the vibration signal 
can be better matched in the time–frequency structure. Thus, 
the MSWT based on the rearrangement of the linear fre-
quency modulation process [31] is defined as in the following 
expression:

Tm
x (w, b) =

∫
Wψ

x (a, b)a−3/2δ(w − w̃m
x (a, b))da. (8)

The difference between the introduced MSWT and the orig-
inal SWT is that the time–frequency estimation in the SWT 
is replaced by the new instantaneous frequency estimation 
defined by equation (7). The synchrosqueezing transform rear-
rangement information (b, a) is redistributed to (b, w̃m

x (a, b)). 
The MSWT based on linear frequency modulation inherits the 
basic idea of time–frequency analysis while simultaneously 
considering the time and scale variables. The definition of 
instantaneous frequency estimation given in equation  (7) is 
the high-level estimation of the instantaneous frequency. 
Meanwhile, even for the signal with rapidly changing instanta-
neous frequency, the concentrated time–frequency expression 
can also be realized to avoid interference from cross terms.

2.2. A joint scheme for multivariate signal denoising

We can define a multisensor signal X(t) with N  sensors as 
follows:

X(t) =




a1(t)eiφ1(t)

a2(t)eiφ2(t)

...

aN(t)eiφN(t)




, (9)

where an and φn represent the instantaneous amplitude and 
phase, respectively, for each sensor index n. It is worth men-
tioning that the variable n varies from 1 to N.

Subsequently, the MSWT is applied to signals collected 
by each sensor, and then the corresponding synchrosqueezing 
wavelet coefficients can be defined as Tn(w, b) (n = 1, ..., N ). 
To capture the common sensor-wise characteristics, the multi-
variate modulated oscillation model is employed to determine 
the joint instantaneous frequency and multivariate bandwidth. 
Firstly, the initial joint instantaneous frequency wx(t) is com-
puted based on the modulated oscillations model [28]:

wx(t) =
�
{

XH(t) d
dt X(t)

}

‖X(t)‖2 =

∑N
n=1 a2

n(t)φ
′
n(t)∑N

n=1 a2
n(t)

. (10)

The joint analytic spectrum corresponding to a multivariate 
signal is expressed as

Sx(w) =
1
E
‖Fx(w)‖2, (11)

where Fx(•) denotes the Fourier transform for every single 
sensor signal, and the energy of the joint analysis spectrum 

is E = 1
2π

∫
‖Fx(w)‖

2dw. The next step is to calculate the 
squared multivariate bandwidth by

B2
x =

1
2π

∫ ∞

0
(w − w̄x)

2Sx(w)dw, (12)

where w̄x =
1

2π

∫
wSx(w)dw is the joint global mean frequency.

Then, the joint instantaneous frequency wx(t) is divided 
in the time–frequency domain into 2l equal width frequency 
bands. Each frequency band is expressed as

wl,m =

[
m

2l+1 ,
m + 1
2l+1

]
, (13)

where l = 0, ..., Ls is the level of the frequency bands, and 
m = 0, ..., 2l − 1 is the index of the frequency bands. Then, 
the multivariate bandwidth Bl,m can be calculated from the 
given frequency bands wl,m according to equation  (12).
It should be pointed out that wl,m splits into two frequency 
sub-bands wl+1,2m and wl+1,2m+1 on the condition that 
Bl,m > Bl+1,2m + Bl+1,2m+1. According to the modulated 
multivariate oscillation model, the modulated oscillations in 
multisensor and inter-sensor dependencies are obtained by 
partitioning the time–frequency domain into a set of frequency 
bands {wv} (v = 1, ..., V ), where V  is the number of oscilla-
tory scales, and w1 > w2 > · · · > wV . For a multisensor 
signal X(t), the corresponding partitioned MSWT coefficients 
Fn,v(w, b) can be expressed as follows:

Fn,v(w, b) =
∑
w∈wv

Tn(w, b), (14)

Figure 5. Schematic diagram.
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Table 1. Experiment parameters and failure frequency of bearing.

Rotation speed (r min−1) Rotation frequency(Hz) Sampling frequency(Hz) Outer race fault frequency (Hz)

1500 25 97 656 80

Figure 6. Frequency spectra of the original signal (figures (a), (c) and (e)) and the denoised result obtained by MWD (figures (b), (d) 
and (f)). (a) Frequency response of original signal in the X-scale. (b) Denoised signal of the X-scale by MWD. (c) Frequency response of 
original signal in the Y-scale. (d) Denoised signal of the Y-scale by MWD. (e) Frequency response of original signal in the Z-scale.  
(f) Denoised signal of the Z-scale by MWD.

Meas. Sci. Technol. 29 (2018) 045104
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where n indicates the sensor index, and v represents the oscil-
latory scale. Then, the multisensor signal denoising algorithm 
is performed by a thresholding technique that employs the 
multivariate instantaneous amplitude as follows:

Λ
F n,v(w, b) =

{
Fn,v(w, b), Amulti

v (w, b) > T mod

0, Amulti
v (w, b) � T mod

, (15)

where Amulti
v (w, b) =

√∑N
n=1 |Fn,v(w, b)|2, and T mod is 

the modified universal threshold (typically 0.1–0.3) [30]. 

Ultimately, the reconstruction signal 
Λ
S n(b) can be computed 

by an inverse transformation to the coefficients 
Λ
F n,v(b) as 

follows:

SΛ
n (b) = �

{
C−1
ψ

V∑
v=1

∫ +∞

−∞

Λ
F n,v(b)(w, b)dw

}
, (16)

where Cψ =
∫ +∞
−∞ ψ(w)w−1dw, and � (�) is the real part of 

the complex number.

2.3. Procedure of the proposed method

A flowchart of our proposed method for mechanical fault diag-
nosis is shown in figure 1.The detailed algorithm is described 
as follows.

 (1) Given a multisensor signal X(t) with N  sensors, the 
MSWT is applied to the sensor-wise characteristics, and 
the synchrosqueezing wavelet coefficient Tn(w, b) is 
obtained.

 (2) According to multivariate bandwidth, the joint instan-
taneous frequency wl,m is partitioned into a set of 
frequency bands {wv} (v = 1, ..., V ). Thus, the coeffi-
cient Tn(w, b) is separated into oscillatory components 
Fn,v(b).

Figure 7. Denoising result of three-axis sensor computed by MWSD. (a) Denoised signal of the X-scale by MWSD. (b) Denoised signal of 
the Y-scale by MWSD. (c) Denoised signal of the Z-scale by MWSD.

Meas. Sci. Technol. 29 (2018) 045104



C Yi et al

10

 (3) The multivariate instantaneous amplitude Amulti
v (b) 

and universal threshold T mod are calculated, respec-
tively.

 (4) The signal denoising process is conducted by equa-
tion  (15), and the expected reconstruction signal is 
obtained by equation (16).

3. Numerical simulation analyses

Without loss of generality, first, the numerical analysis is 
performed to demonstrate the performance of the proposed 
method in multisensor signal processing. The mechanical 
failure signal is commonly composed of three parts: the mod-
ulation signal, harmonic signal, and noise components. The 
simulation signal model is expressed as below.

x1 = 0.5(1 + 0.5 cos(2πf1t)) sin(2πf2t) (17)

x2 = 0.3 cos(2πf3t + 10) (18)

x3 = 0.2 sin(2πf4t − 15). (19)

Here, f1 = 15 Hz, f2 = 45 Hz, f3 = 100 Hz, and f4 = 120 
Hz. The sampling point is 1024, and the sampling frequency 
is 1024 Hz. In order to simulate a multisensor testing system, 
three source signals X = [x1, x2, x3] are simultaneously col-
lected by three sensors. It is the case that each of the measured 
signals is a mixture of the source signal. The noise components 
will be collected simultaneously, and thus Gaussian white 
noise is added to simulate the real situation. To randomly mix 
the three simulated source signals, a random matrix (A) is 
optionally employed as follows:

A =




0.2216 0.7252 0.2021
0.2040 0.8344 0.4691
0.6241 0.0189 0.3784


 . (20)

Then, the simulated collected signal Y  can be obtained by

Y = AX + N, (21)

Figure 8. Denoising result of three-axis sensor computed by the MMSWT. (a) Denoised signal of the X-scale by the MMSWT.  
(b) Denoised signal of the Y-scale by the MMSWT. (c) Denoised signal of the Z-scale by the MMSWT.
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where Y = [y1, y2, y3], and N  is the Gaussian white noise 
corre sponding to three sensors with a variance of 1.2. The 
time and frequency response about the collected signal Y  is 
plotted in figure 2.

As observed from figure  2, the modulation feature can 
hardly be identified, and the characteristic frequency corre-
sponding to the harmonic signal is also interfered by other 
signal components. For instance, only the feature frequencies 
f2 and f4 have been extracted from the simulation signal of 
the first sensor. Hence, the traditional fast Fourier transform 
(FFT) method is unsuitable for feature extraction of complex 
signals with strong noise. Undoubtedly, the optimal outcome 
is all the signal components including modulation and har-
monic features, both of which can be inspected. Then, con-
ventional methods, such as MWSD and MWD, are applied 
for simulation signal analysis, and the results are plotted in 
figure 3. Figures 3(a), (c) and (e) depict the denoising result 
provided by MWSD, and figures 3(b), (d) and (f) show the 
result computed by MWD. Although the feature frequency 
f2 can be clearly identified in figures 3(a), (c) and (e), other 
harmonic frequencies such as f3 and f4 are still submerged. 
Moreover, the frequencies of f2, f3, and f4 cannot be rec-
ognized by MWD in figures 3(b), (d) and (f). Furthermore, 
neither of the modulated features ( f2 ± f1) can be clearly 
observed in figures 3(a)–(f). The results also indicate that the 
MWSD method has better performance than MWD.

Eventually, the proposed MMSTW with a thresholding 
technique is utilized to analyze the simulation signal, and the 
results are shown in figure 4. It is evident that both feature 
frequencies ( f2, f3, and f4) and modulated features ( f2 ± f1) 

of the three sensors can be identified. Comparing figures 3 and 
4, the proposed method exhibits an expected performance in 
multisensor signal noise reduction.

4. Experimental studies

4.1. Case 1: signal collected from a faulty rolling bearing 
system

To illustrate the effectiveness of the proposed method in 
practical applications, bearing failure data collected from a 
rolling bearing system was analyzed in this section. The sche-
matic diagram is shown in figure 5. The apparatus includes 
two motors, and a coupling (containing a torque sensor and 
encoder). The test rig was equipped with a replaceable rolling 
bearing with the parameters as listed in table  1. The outer 
race of the rolling bearing was fabricated by using the elec-
trical discharge machining method to simulate the failure of 
the outer race. The x, y, and z directions of the vibrational 
signal were collected by a three-axis acceleration sensor 
(PCB, America), which was placed on the measuring point. 
There were n  =  8 roller elements in the bearing, the roller ele-
ment diameter was d  =  11.11 mm, and the contact angle was 
α = 0◦. Through theoretical calculation [32], the fault feature 
frequency of outer race was determined as fo = 80 Hz.

The presentation of the originally measured vibration 
signal in the frequency domain is shown in figures 6(a), (c) 
and (e). It can be found that the fault feature frequency fo 
and its multiple frequencies are interfered with by other signal 
components due to the system and environmental noises; this 
significantly influences the determination of the fault fre-
quency. Similarly, the result computed by MWD is plotted 
in figures 6(b), (d) and (f). It can be found that the rotation 
frequency fr  and its multiple frequencies have been identi-
fied. However, the feature frequency of the outer race fo still 
cannot be accurately extracted.

Subsequently, the original multivariate denoising algo-
rithms based on MWSD were executed for experimental data 
analysis. The results are shown in figure 7. Similarly, only the 
rotation frequency fr  and its multiple frequencies are extracted. 
The outer race fault frequency cannot be found due to the inter-
ference of other signal components. Figure 8 gives the results, 
which are computed by using the MMSWT and the thresh-
olding T mod = 0.3 under the condition of equation (15). The 
major difference between the MMSWT and MWSD is that 
the former employs a high-order chirp rate estimation, namely 
the matching synchrosqueezing transform. It is noted that fig-
ures 8(a)–(c) correspond to the frequency domain results of the 
three-axis sensor signal denoising performed by the MMSWT. 
From figure 8, it can be observed that the outer race fault fre-
quency fo and its multiple frequencies (2fo, 3fo, 4fo, 5fo, and 
6fo) can be obtained. The rotation frequency fr  can also be 
identified in the three-axis sensor signal. Most importantly, the 
noise components have already been removed. Thus, the per-
formance of the proposed method on fault frequency extraction 
of rolling bearing systems is verified.

Figure 9. A gear system with a broken tooth. (a) System structure 
diagram. (b) Picture of the real device.
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Figure 10. Time and frequency responses of faulty gear signal. (a) Fault gear signal of the X-scale in the time domain. (b) Fault gear signal 
of the X-scale in the frequency domain. (c) Fault gear signal of the Y-scale in the time domain. (d) Fault gear signal of the Y-scale in the 
frequency domain. (e) Fault gear signal of the Z-scale in the time domain. (f) Fault gear signal of the Z-scale in the frequency domain.
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4.2. Case 2: signal collected from a faulty gear system

Due to the unqualified manufacturing and improper processor 
manipulation, different kinds of gear faults occur during oper-
ation. In this section, the proposed MMSWT method is veri-
fied by the fault signal collected from a gear system, as shown 
in figure 9. The gear system includes a motor, a single-stage 
cylindrical gear reducer, and a magnetic powder brake. The 
whole device uses the first reduction gearbox for transmission, 
in which the small gear is mounted on the input shaft to drive 
the big gear installed on the output shaft. The teeth numbers 
of the small gear and big gear are z1  =  20 and z2  =  37, respec-
tively. The transmission ratio is 1.85, and the module of gears 
is 3. The load is generated by the magnetic powder brake, 
and the three-direction acceleration sensor is installed on the 
bearing pedestal of the input shaft. The specific parameters of 
the test conditions are as follows: the speed of the high-speed 
axis in the experiment is 612 rmin−1, the sampling frequency 
is fs = 2000 Hz, and number of sampling points is N   =  8192. 
In this study, one of the teeth in the small gear was broken, and 
the signal was measured by a three-axis acceleration sensor 
(PCB, America). According to the fault mechanism and fault 
characteristics of gears in [33], the calculated failure fre-
quency of breaking a tooth is f = 10.2 Hz.

The time domain and frequency domain expressions of the 
faulty signal collected from the faulty gear system are shown 
in figure 10. The faulty signal includes a large amount of noise 
components, resulting in the failure to directly observe the 
fault information. As shown in the figure, the shock charac-
teristic caused by the broken tooth of the investigated gear 
system is obvious. Figures 10(b), (d) and (f) present the results 
of frequency spectrum analysis performed by FFT, and the 
failure frequency f  still cannot be extracted.

To reduce the interference of noise components, and retain 
the fault characteristic information, the improved algorithm 
MMSWT was employed to deal with the faulty gear signal. 
Figure 11 shows the results computed by the MMSWT, and 
the threshold is determined as T mod = 0.39. It is seen that 
the failure frequency f  and its multiple frequencies (from 
f  to 10f ) can be clearly observed. Additionally, the results 
based on MWSD are drawn in figure 12. Unfortunately, the 
unique peak shown in figure  12 is corresponding to 4 Hz, 
which is unrelated to the failure feature frequency f . Thus, its 
performance is not acceptable. From the comparative results 
between figures 11 and 12, the effectiveness of the proposed 
MMSWT-based algorithm for fault diagnosis of gear systems 
can be verified.

Figure 11. Results computed by the proposed method (MMSWT). (a) Denoised signal of the X-scale by the MMSWT. (b) Denoised signal 
of the Y-scale by the MMSWT. (c) Denoised signal of the Z-scale by the MMSWT.
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5. Conclusions

In this paper, a novel multisensor signal denoising algo-
rithm based on the MSWT was proposed for fault feature 
identification. The main work of this paper includes the fol-
lowing aspects: (1) In order to improve the performance of 
denoising and signal resolution, the MSWT based on high-
order chirp rate estimation was firstly introduced for fault 
condition assessment. (2) Based on the multivariate modu-
lated oscillation model, the common modulated oscillations 
in multiple sensors and inter-sensor dependencies were cap-
tured. Then, the multisensor denoising algorithm MMSWT 
was studied. (3) The proposed method was illustrated by 
numerical analysis, as well as application to multisensor 
signal feature extraction of fault bearing and gear systems. 
The results demonstrated that the proposed method can pro-
vide improved performance of multisensor complex signal 
denoising.
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