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Abstract. As one of the key components of transmission and support in rotating machinery, 
rolling bearings will directly affect the operating status of the equipment. Therefore, scholars have 
proposed various methods to process its fault signals. Among them, spectral amplitude modulation 
(SAM) is a nonlinear filtering method that can effectively extract bearing fault characteristics. 
However, due to the high-intensity noise interference in the working environment of the 
equipment, the interference component dominates the monitoring signal, and the fault 
characteristics are no longer obvious or even undetectable. To solve the above problems, this paper 
proposes a local W transform spectral amplitude (LWTSAM) modulation method. First, the 
method divides the original signal into multiple narrowband signals in different frequency bands 
and selects the narrowband signal with the most abundant fault information among them; then, the 
selected narrowband signal uses a windowed Fourier transform (WFT) to obtain the amplitude in 
the time-frequency domain, and uses different weight indices (MO) to correct the amplitude; 
Finally, the modified amplitude is combined with its original phase to perform inverse window 
Fourier transform to obtain the modified signal and its square envelope, and the square envelope 
under the optimal weight is calculated using unbiased autocorrelation and information entropy to 
complete the local W transform spectrum amplitude modulation. In this paper, this method is 
verified through fault data sets. The research results show that this method can effectively reduce 
the interference of noise on fault diagnosis, and the fault characteristic information obtained is 
clearer. Compared with SAM method, Autogram method and fast spectral kurtosis diagram 
method, the superiority of this method is proved.  
Keywords: spectral amplitude modulation, time-frequency analysis, residual signal, rolling 
bearing, fault diagnosis. 

1. Introduction 

As one of the key components in rotating machinery, rolling bearings need to withstand various 
dynamic loads and complex working conditions, and internal components are prone to failure  
[1, 2]. Once a failure occurs, major safety accidents will be caused, resulting in mechanical system 
failures and economic losses [3, 4], and even casualties. Therefore, bearing failures should be 
discovered as soon as possible to avoid accidents. However, due to the complex and diverse 
working environment, the collected vibration signals include a large amount of environmental 
noise and irrelevant pulses, making faults difficult to identify at the early stage. Therefore, the 
importance of identifying weak bearings under complex conditions is self-evident [5, 6]. 

In recent decades, bearing fault diagnosis has gradually developed into an important research 
field in academia and industry. Among the currently known fault diagnosis technologies, 
resonance demodulation technology [7] is undoubtedly one of the most classic methods, also 
known as envelope analysis. The corresponding fault information can be obtained by band-pass 
filtering the resonance band with high signal-to-noise ratio and then demodulating it using the 
Hilbert transform [8, 9]. However, the selection of the resonance band is a relatively empirical 
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process and is difficult in practical engineering applications. In order to overcome this problem, 
Antoni and Randall [10-11] conducted a detailed and meaningful study of spectral kurtosis and 
proposed a more practical and faster method, Kurtogram [12]. In Kurtogram, a 1/3 binary tree 
filter bank is used to partition the spectrum and determine the best signal based on kurtosis. 
However, kurtosis is easily disturbed by noise and random pulses [13]. In order to improve its 
practical application capabilities, scholars have proposed a large number of improvement 
methods, such as Protrugram [14], Infogram [15], enhanced Kurtogram [16], improved Kurtogram 
[17], Autogram [18]. All of the above methods have achieved good results. In addition, other 
kurtosis methods based on period indicators have been proposed [19-23]. These methods can 
specify the frequency band in which the periodic component is located, and all suppress noise and 
irrelevant pulses to a certain extent. However, the biggest drawback of this kind of method is that 
only one defect can be detected and other defects are ignored. When multiple defects appear in 
different frequency bands, fault information will be lost and fault information will be lacking, 
which brings great difficulties to bearing fault diagnosis. 

As a common method to separate signal periods and random components, cepstrum 
pre-whitening is fast and easy to implement and can be used for automatic diagnosis [24, 25]. 
However, setting the amplitudes of all frequency components to unit amplitude seriously reduces 
the SNR and greatly limits practical applications. Therefore, Moshrefzadeh et al. introduced 
spectral amplitude modulation (SAM), a new nonlinear filtering technique [26]. The method 
performs Fourier transformation on the obtained vibration signal to obtain its amplitude spectrum 
and phase spectrum and then assigns different weight indices (MO) to its phase spectrum. The 
resulting edit spectrum is subjected to inverse Fourier transformation to obtain a series of corrected 
signals. Finally, the square spectrum of the corrected signal is Fourier transformed to obtain a 
square envelope spectrum to view fault characteristic information. At present, SAM is favored by 
many scholars for its powerful nonlinear enhancement capabilities. Zhu et al.[27] combined SAM 
with Savitzky-Golay filtering to suppress noise interference and signal distortion during signal 
transmission; Moshrefzadeh [28] combined it with support vector machines to expand the 
application of SAM in online monitoring of variable operating conditions; Liu [29] applied 
unbiased autocorrelation to corrected signals to optimize SAM results; Wang [30] used SAM to 
extract fault characteristics under variable speed conditions and test its noise suppression ability; 
Zhong [31-32] used SAM to highlight and reconstruct the pulse characteristics in the signal; Ma 
[33] pointed out that at certain amplitude orders, fault information may be concealed by noise, and 
gave a generalized envelope spectrum to improve fault characteristics, which was verified on a 
locomotive bearing test stand. 

Although the above studies have achieved good research results, SAM still faces huge 
challenges in practical applications. First of all, even if SAM can reduce the impact of interference 
components on fault components, if it is in a strong interference environment, the interference 
component is still the dominant component, which will cause fault information to be submerged 
in a large amount of interference; Secondly, because SAM processes signals, Scanning the entire 
frequency band amplifies fault information while also enhancing interference information, which 
means that the final result may be erased due to interference. Based on the above problems, a new 
local W transform spectral amplitude modulation (LWTSAM) method is proposed. In this paper, 
first, the maximum discrete overlapped wavelet transform (MODWT) is used to decompose the 
original signal into multiple narrowband signals in different frequency bands to remove some 
interference components; then the windowed Fourier transform (WFT) is used to calculate the 
phase and amplitude of the narrowband signal with the richest fault information and select the 
square envelope under the optimal weight, which will get more accurate results, because the 
amplitude is not calculated over the entire frequency band. Experimental results show that this 
method has good results in bearing fault diagnosis and analysis. 

To sum up, a review table of the comparative literature is given, as shown in Table 1. 
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Table 1. Comparison between existing bearing fault diagnosis methods and the proposed LWTSAM 

Method Core idea Noise 
robustness 

Multi-fault 
capability 

Automatic band 
selection Limitation 

Kurtogram 
[10-12] 

Kurtosis-based band 
selection Medium No No Sensitive to  

impulsive noise 
Autogram 

[18] Thresholded kurtosis Medium No Yes Noise-dominated 
envelope 

SAM [26] Global spectral 
amplitude modulation Medium No No Global enhancement 

amplifies noise 

LWTSAM MODWT + local 
WFT-SAM High Yes Yes Slightly increased 

complexity 

2. SAM theory 

The SAM method was proposed by Moshrefzadeh [26]. As an advanced nonlinear filtering 
technique, it extracts frequency components of different energies in the signal by setting different 
MOs without requiring the input of any parameters in advance, thereby realizing bearing fault 
diagnosis., made great contributions in the field of bearing fault diagnosis. 

First, FT is used to convert the original signal from the time domain to the frequency domain: 𝑋ሺ𝑓ሻ = 𝐹𝑇ሼ𝑥(𝑡)ሽ = 𝐴(𝑓)𝑒௝஍(௙), (1)

where 𝑗 is the imaginary unit, FT is the Fourier transform, and 𝐴(𝑓) and Φ(𝑓) represent the 
amplitude and phase of the spectrum respectively. 

Subsequently, the phase remains unchanged, and different weight indices (𝑀𝑂) are assigned 
to the amplitude spectrum to adjust the amplitude in different frequency bands. Then the original 
phase is combined with the modulated amplitude to obtain the edited spectrum. Finally, inverse 
Fourier transform is performed to obtain the correction signal. This nonlinear filtering process is 
as follows: 𝑥௠(𝑡,𝑀𝑂) = 𝐼𝐹𝑇൛𝐴(𝑓)ெை𝑒௝஍(௙)ൟ, (2)

where 𝑥௠ is the correction signal under different weight indices, and 𝐼𝐹𝑇 is the inverse Fourier 
transform. The recommended value for 𝑀𝑂 is −0.5 ≤ 𝑀𝑂 ≤ 1.5, with a step size of 0.1. The 
advantage of this is that it can adjust the size of 𝑀𝑂 to diagnose faults under different situations 
and effectively shield interference components. Among them, there are three main effects of 𝑀𝑂 
value on the signal: when 𝑀𝑂 < 0, if the noise component does not dominate, the fault component 
with very low energy level can be extracted; when 0 < 𝑀𝑂 < 1, the dominant position of high 
amplitude frequency gradually decreases, but the high-energy components and low-energy 
components will be retained to a certain extent; when 𝑀𝑂 > 1, the larger amplitude component 
is further amplified to conceal the smaller amplitude component; when 𝑀𝑂 = 1, it is the original 
signal. The signal spectra under different 𝑀𝑂 are shown in Fig. 1. 

Then, the SES for each modified signal is calculated as follows: 𝑆𝐸𝑆ሼ𝑥௠(𝑡,𝑀𝑂)ሽ = |𝐹𝑇ሼ|𝑥௠(𝑡,𝑀𝑂) + 𝑗 ∗ 𝐻𝑖𝑙𝑏𝑒𝑟𝑡ሼ𝑥௠(𝑡,𝑀𝑂)ሽ|ଶሽ|. (3)

Next, the SES are normalized between [0, 1] for explicit comparisons: 

𝑁𝑆𝐸𝑆ሼ𝑥௠(𝑡,𝑀𝑂)ሽ = 𝑆𝐸𝑆ሼ𝑥௠(𝑡,𝑀𝑂)ሽmax (𝑆𝐸𝑆ሼ𝑥௠(𝑡,𝑀𝑂)ሽ). (4)

Finally, use a three-dimensional diagram to display the results. Where the 𝑥-axis represents 
the modulation frequency, the 𝑦-axis represents 𝑀𝑂, and the 𝑧-axis represents the normalized 
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amplitude. In addition, other visual view demonstration results will also be given. One view is a 
top view of the three-dimensional map, which is a two-dimensional color map along the 
normalized amplitude axis, and the color intensity corresponds to the normalized amplitude 
magnitude. This view is clear for analyzing the relationship between the intensity of each 
modulation frequency and the corresponding 𝑀𝑂 value. The other view is a front view of the 
three-dimensional graph, which is the logarithmic maximum square envelope spectrum plotted 
along the 𝑀𝑂 axis, which provides the modulation frequency and corresponding amplitude for 
different 𝑀𝑂 values. As shown in Fig. 2. 

 

 

 
Fig. 1. Signal spectrum under different 𝑀𝑂 

SAM restores the original signal by assigning different amplitudes and different weight 
indices, and combines it with the original phase, and determines fault components according to 
different angles. This has proven to be a convenient, efficient and automated method. However, 
in complex industrial environments, the application of SAM will face some challenges. First, 𝑀𝑂 
is assigned to the entire amplitude spectrum, but if the fault information only appears in a certain 
narrow band at this time, this will mean that the weight of the fault information will increase and 



FAULT DIAGNOSIS OF ROLLING BEARINGS BASED ON AMPLITUDE MODULATION OF LOCAL W TRANSFORM SPECTRUM.  
ZONGCAI MA, YONGQI CHEN, QINGE DAI, LINQIANG WU, YITONG QIN 

 JOURNAL OF VIBROENGINEERING 5 

the noise information will also be enhanced. Then after SAM processing, the fault information 
will be covered up by a large amount of enhanced noise; In addition, since the Fourier transform 
is performed over the entire time domain, which means that the amplitude of each frequency in 
the amplitude spectrum is based on the contribution of the entire time process, inaccuracies will 
undoubtedly be amplified in subsequent calculations. 

To address the above problems, it is necessary to explore a more ideal method. 

 

 

 
Fig. 2. SAM example 

3. Recommended method: local W-transform spectral amplitude modulation 

A method called LWTSAM was proposed to solve the above problems. First, the entire 
spectrum is segmented using the Maximum Discrete Overlapped Wavelet Transform (MODWT), 
separated into narrowband signals in different frequency bands, and selected the narrowband with 
the richest fault information; secondly, the narrowband signal is used to obtain its phase and 
amplitude and reconstruct it. The reconstructed signal can be used to extract the characteristic 
frequency more obviously. Based on the above statement, the LWTSAM flow chart is shown in 
Fig. 3, and the following section details the implementation and explanation of each step. 

3.1. Signal segmentation via maximum discrete overlapping wavelet transform 

As mentioned earlier, SAM can enhance the fault frequency component by modifying the 
weighting index. However, for a strong interference environment, the interference component and 
the fault component may have the same amplitude. In this case, the fault component and the noise 
component will be enhanced at the same time, and the SAM diagnosis will be invalid. Bearing 
fault components usually exist in the fault resonance frequency band, so the original signal can be 
divided into several narrowband signals to maximize the separation of the fault components from 
most of the noise components. 
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Fig. 3. LWTSAM method flowchart 

The Maximum Discrete Overlap Wavelet Transform [34] can decompose a signal into multiple 
frequency bands, and it is convolved through maximum overlap, which means that at each scale, 
the convolution window of the wavelet function and the scale function covers the entire signal, 
thereby retaining more information. This section uses the maximum discrete overlapping wavelet 
transform to segment the original signal into multiple narrowband signals. First, the characteristics 
of the wavelet transform are defined by selecting appropriate wavelet basis functions 𝜓(𝑡) and 
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scale functions 𝜙(𝑡); secondly, at each scale 𝑗, the signal 𝑋(𝑓) is decomposed into approximation 
coefficients 𝑐௝,௞ and detail coefficients 𝑑௝,௞: 

⎩⎨
⎧𝑐௝,௞ = ෍ 𝑋(𝑓) ∗ 𝜙௝,௞(𝑓)௙ ,𝑑௝,௞ = ෍ 𝑋(𝑓) ∗ 𝜓௝,௞(𝑓)௙ , (5)

where 𝑘 is the translation parameter, 𝜙௝,௞(𝑓), 𝜓௝,௞(𝑓) are defined as follows: 

ቐ𝜙௝,௞(𝑓) = 2ି௝ଶ𝜙(2ି௝𝑓 − 𝑘),𝜓௝,௞(𝑓) = 2ି௝ଶ𝜓(2ି௝𝑓 − 𝑘). (6)

Finally, the original signal is reconstructed from the MODWT coefficients to obtain the 
reconstructed signal 𝑋௥(𝑓): 

𝑋௥(𝑓) = ෍ 𝑐௃,௞ ∗௞ 𝜙௃,௞(𝑓) + ෍ ෍ 𝑑௝,௞ ∗ 𝜓௝,௞(𝑓)௞௃௝ୀଵ . (7)

The reconstructed signal can be decomposed into multiple narrowband signals through the 
filter bank included in MODWT: 𝑋௥(𝑛) = ෍ ෍ 𝑑௝ሾ𝑘ሿ ∙ 𝑔෤௝,௞ሾ𝑛ሿ + ෍ ෍ 𝜔௝ሾ𝑘ሿ ∙ ℎ෨௝,௞ሾ𝑛ሿ௞௝௞௝ , (8)

where 𝑛 is the time index, 𝑑௝ሾ𝑘ሿ is the scale coefficient of the 𝑗 layer, 𝜔௝ሾ𝑘ሿ is the wavelet 
coefficient of the 𝑗 layer, 𝑔෤௝,௞ሾ𝑛ሿ and ℎ෨௝,௞ሾ𝑛ሿ are the inverse scale filter and the inverse wavelet 
filter respectively. 

3.2. Signal segmentation via maximum discrete overlapping wavelet transform  

Although the optimal narrowband signal obtained by MODWT segmentation has filtered out 
most irrelevant components, there are inevitably some interference components in a single 
narrowband. Therefore, in order to observe and extract more comprehensive information, a 
windowed Fourier transform is used for the optimal narrowband signal. For the selected optimal 
narrowband signal 𝑥(𝑡) and window function 𝜔(𝑡), it is defined as: 

𝑋ఠ(𝜔, 𝜏) = න 𝑥(𝑡)𝜔(𝑡 − 𝜏)𝑒ି௝ఠ௧𝑑𝑡ஶ
ିஶ = 𝐴(𝑡,𝜔)𝑒௝థ(௧,ఠ), (9)

where 𝑋ఠ(𝜔, 𝜏) is the result of the windowed Fourier transform, which is a function of time shifted 𝜏 and frequency 𝜔; 𝜔(𝑡 − 𝜏) is a window function shifted by time; 𝑒ି௝ఠ௧ is a complex exponential 
function, and 𝑗 is an imaginary unit. Then, the inverse window Fourier transform is calculated by 
extracting the IFT signal of each modified FT vector in a certain window of the WFT and 
overlapping and adding them. However, in practical applications, this process can be achieved by 
providing a different MO value for each amplitude value in the time-frequency matrix. It can be 
expressed as: 

𝑥௠௅ௐ்(𝜏,𝑀𝑂) = 12𝜋න න 𝐴(𝑡,𝜔)ெைஶ
ିஶ 𝑒௝൫ఠ௧ାథ(௧,ఠ)൯ஶ

ିஶ 𝜔(𝑡 − 𝜏)𝑑𝑡𝑑𝜔, (10)
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where 𝑥௠௅ௐ்(𝜏,𝑀𝑂) represents the correction signal obtained by the proposed method. 
Window Fourier transform can analyze local frequency components of a signal by sliding a 

window on the signal, which is particularly useful for non-stationary signals; Fourier transform 
provides global frequency information of the entire signal and cannot distinguish between 
frequency changes in different time periods, and the amplitude obtained by Fourier transform is 
the average of the amplitudes obtained over the entire time, which can lead to significant 
differences in results. A comparison of these two methods is shown in Fig. 4. For the same 𝑀𝑂 
value, it can be observed that LWTSAM reveals the resonance band well, while the resonance 
band in SAM is submerged by noise, which also leads to completely different diagnostic results 
for the envelope spectrum. 

 
a) 

 
b) 

 
c) 

 
d) 

 
e) 

 
f) 

Fig. 4. a) SAM modified signal; b) LWTSAM modified signal; c) SAM modified signal spectrum;  
d) LWTSAM modified signal spectrum; e) SAM modified signal envelope spectrum;  

f) LWTSAM modified signal envelope spectrum 

Therefore, in this study, WFT was used to improve spectral amplitude modulation. The 
amplitude calculated by WFT no longer corresponds to the entire time domain, so a more accurate 
corrected amplitude can be obtained in subsequent calculations. As shown in Fig. 5, it can be 
observed that by assigning different weight indices to the time-frequency domain, fault 
characteristics can also be highlighted for certain specific 𝑀𝑂 values, which verifies the feasibility 
of the method in this paper. 

3.3. Select the best weights through unbiased autocorrelation and information entropy  

As mentioned earlier, when a signal is subjected to high-intensity interference, a large amount 
of noise will flood into the envelope spectrum, which can easily drown out the fault characteristic 
frequency. At this point, it is undoubtedly a huge challenge to manually analyze the harmonic 
bands and correctly select the best 𝑀𝑂. Therefore, an indicator that can automatically select the 
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best 𝑀𝑂 is needed to quantify the fault information in the envelope spectrum. Although harmonic 
spectrum kurtosis [35], spectral negative entropy [15] and sparsity [36] are excellent indicators 
for detecting pulse components in bearing vibration signals, in order to highlight signal 
characteristics and strengthen feature information, this paper adopts an indicator based on 
unbiased autocorrelation (AC) and information entropy adaptively selecting the optimal 𝑀𝑂 [37]. 

 
a) 

 
b) 

 
c) 

 
d) 

Fig. 5. a) Time-frequency domain spectrum, modified signal and envelope spectrum at 𝑀𝑂 = –0.5;  
b) Time-frequency domain spectrum, modified signal and envelope spectrum at 𝑀𝑂 = 0.5;  
c) Time-frequency domain spectrum, modified signal and envelope spectrum at 𝑀𝑂 = 1;  

d) Time-frequency domain spectrum, modified signal and envelope spectrum at 𝑀𝑂 = 1.5 

First, the square envelope of the modified signal is calculated through the Hilbert transform: 𝑆(𝑡௘ ,𝑀𝑂) = |𝑥௠௅ௐ்(𝑡௘ ,𝑀𝑂) + 𝐻𝑖𝑙𝑏𝑒𝑟𝑡ሼ𝑥௠௅ௐ்(𝑡௘,𝑀𝑂)ሽ|ଶ, (11)

where 𝑆 is the square envelope of the modified signal, 𝑒 is the signal length, and the interval is ሾ0, 𝑙ሿ. 
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Unbiased autocorrelation is then used to enhance the periodic component of the signal and 
weaken the random pulse component: 

𝑅௫(𝜏,𝑀𝑂) = 1𝑙 − 𝑒෍ 𝑆௟ି௘௞ୀଵ (𝑡௞,𝑀𝑂)𝑆(𝑡௞ + 𝜏,𝑀𝑂), (12)

where 𝜏 is the delay coefficient, calculated as follows: 𝜏 = 𝑒𝑓௦, (13)

where, 𝑓௦ represents the sampling frequency. In Eq. (12), the number of data samples used to 
calculate AC will decrease as 𝜏 increases, which may lead to insufficient estimation variance in 
the result part. Therefore, only the first half of the AC is selected, and the uncertainty of the result 
is represented by information entropy, which is defined as follows: 

𝐼ெை = −෍ 𝑝൫𝑅௫(𝑖,𝑀𝑂)൯logଶ𝑝൫𝑅௫(𝑖,𝑀𝑂)൯,௟ ଶ⁄௜ୀଵ  (14)

where, 𝐼ெை corresponds to the result of each suggested indicator, and 𝑝 is the probability 
distribution: 

𝑝 = ℎ(∆𝐴)𝑙 , (15)

where, ℎ represents the amplitude under a certain range of sample numbers ∆𝐴. Since random 
pulse components in the vibration signal will cause energy fluctuations, and periodic fault 
components will cause entropy reduction, 𝑀𝑂 with the smallest index value is used as the best 
weight. The results are shown in Fig. 6. It can be seen that the fault component dominates and the 
interference component can be ignored.  
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c) 

Fig. 6. a) Indicator analysis results; b) 2D diagram of LWTSAM; c) envelope spectrum at 𝑀𝑂 = 0.5 

4. Experimental verification  

This section uses real data from the Southeast University Bearing Failure Test Bench [38] to 
verify the feasibility of LWTSAM. It will be compared with SAM method, Autogram method and 
fast spectral kurtosis diagram method. 

4.1. Experimental device  

The vibration signal was collected at the motor speed of 1800 r/min and the sampling 
frequency of 12 kHz. The experiment will use outer ring, inner ring and composite fault data sets 
of inner and outer rings to verify this research. The fault types are shown in Table 2, and samples 
under a load of 30 Hz-2 V are used. 

Table 2. Description of SEU bearing faults 
Speed-load Fault type Description Label 

30 Hz-2 V 
Outer fault Outer crack 1 
Inner fault Inner crack 2 
Comb fault Comb crack 3 

4.2. Fault diagnosis of bearing outer ring  

This section will provide experimental verification of bearing with outer ring failure. The 
actual running speed of the motor is 1768.6 r/min, and the actual rotating frequency is 29.91 Hz. 
After calculation, the characteristic frequency 𝑓௢ = 93.75 Hz can be obtained. Fig. 7 shows the 
time domain diagram and envelope spectrum of the original signal. Due to the interference of 
strong noise, there is no particularly obvious periodic effect in the time domain; the fault frequency 
and its doubling cannot be observed in the envelope spectrum. It is not easy to find more useful 
information. 

First, the SAM method is used to process the signal, as shown in Fig. 8. It can be observed that 
no obvious fault components are observed in either the 3D image or the 2D image. 𝑓௢ in log-MSES 
is concealed by a large amount of noise, and only weak 2𝑓௢ is observed. The interference of invalid 
components makes fault feature extraction difficult. 

The LWTSAM method was then used to process the signal. First, the signal is divided using 
the filter bank that comes with MODWT. The number of filters is set to 8 and the bandwidth is 
set to 600 Hz. Random impact interference can be successfully separated. According to the 
parameters, narrowband signal #2 contains fault information, and all narrowband signals are 
shown in Fig. 9. 
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Fig. 7. Time domain diagram and envelope spectrum of outer ring original signal 

 

 

 
Fig. 8. SAM outer ring fault diagnosis 

Narrow-band signal #2 and its envelope spectrum are shown in Fig. 10, and fault-related 
information is hidden in harmonic interference. 

Although the fault frequency and its doubling can be observed in the segmented narrowband 
signal, it still appears weak compared with the interference component. So, we proceed to the next 
step. WFT is used to reconstruct narrowband signal #2. The reconstructed signal and its envelope 
spectrum are shown in Fig. 11. It can be seen that the noise is greatly reduced, and three harmonics 
of the characteristic frequency can be found in log-MSES, which shows that the LWTSAM 
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method has obvious advantages over the SAM method. The recommended indicators are then used 
to select the best weights for extracting individual SES, and the minimum value of the 
recommended indicators appears at 𝑀𝑂 = 0.4, which is considered the best weights. As shown in 
Fig. 12, the characteristic frequency and its doubling are further enhanced, enough to determine 
that it is an outer ring fault. 

   

   

   
Fig. 9. Outer band signal 

 

 
Fig. 10. Outer band signal #2 and its envelope spectrum 
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Fig. 11. Outer ring reconstructed signal and its envelope spectrum 
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Fig. 12. Outer ring reconstructed signal and its envelope spectrum 

For further comparison, the fast spectral kurtosis method and the Autogram method continue 
to be used to process signals. The diagnosis results of the fast spectral kurtosis method are shown 
in Fig. 13. Where 𝐾௠௔௫ is the maximum kurtosis value, 𝐵௪ is the bandwidth, and 𝑓௖ is the center 
frequency. From the kurtosis diagram, we can know that 𝐾௠௔௫ is 8.9, 𝐵௪ is 500 Hz, and 𝑓௖ is 
5750 Hz. The best frequency band is found in Level 3.5, and no useful fault information is 
observed in the envelope spectrum. 

  
Fig. 13. Fast spectral kurtosis method outer ring diagnostic results 

  
Fig. 14. Autogram method outer ring diagnostic results 

The diagnosis results of the Autogram method are shown in Fig. 14. Where 𝐾௠௔௫ is the 
maximum kurtosis value, 𝐵௪ is the bandwidth, and 𝑓௖ is the center frequency. From the kurtosis 
diagram, we can know that 𝐾௠௔௫ is 31.8, 𝐵௪ is 750 Hz, and 𝑓௖ is 5625 Hz. The best frequency 
band is found at Level 3. The envelope spectrum results under the best frequency band are given. 
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For further verification, the envelope spectra after the rising and falling thresholds are given 
respectively. It can be observed that although the fault frequency can be observed after processing, 
a large number of noise components dominate. 

To sum up, the LWTSAM method is significantly better than the SAM method in processing 
outer ring fault signals. The fast spectral kurtosis diagram method and Autogram method verify 
the feasibility of the method in this paper. 

4.3. Fault diagnosis of bearing inner ring  

This section will conduct experimental verification of bearing with inner ring failure. The 
actual running speed of the motor is 1779.2 r/min, and the actual rotating frequency is 29.93 Hz. 
After calculation, the characteristic frequency of bearing inner ring fault 𝑓௜ = 107.61 Hz can be 
obtained. Fig. 15 shows the time domain diagram and envelope spectrum of the original signal. 
Due to the interference of a large amount of noise, there is no particularly obvious fault 
information in the time domain; the fault frequency and its doubling cannot be observed in the 
envelope spectrum, so it is difficult to extract more useful information. 

 

 
Fig. 15. Time domain diagram and envelope spectrum of inner ring original signal 
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Fig. 16. SAM iuter ring fault diagnosis 

First, the signal is processed using the SAM method, as shown in Fig. 16. Fault information 
can be clearly observed in both the 3D and 2D graphs. 𝑓௜ and 2𝑓௜ can also be observed in 
log-MSES. However, there are some interference components with amplitude equivalent to the 
fault frequency, so it is very necessary to eliminate these interference. 

The LWTSAM method was then used to process the signal. First, the signal is divided using 
the filter bank that comes with MODWT. The number of filters is set to 9 and the bandwidth is 
set to 600Hz. Random impact interference can be successfully separated. According to the 
parameters, narrowband signal #5 contains fault information, and all narrowband signals are 
shown in Fig. 17. 

   

   

   
Fig. 17. Inner band signal 

Narrow-band signal #5 and its envelope spectrum are shown in Fig. 18, and fault-related 
information is hidden in harmonic interference. 

Obvious 𝑓௜ and 2𝑓௜ can be observed from the obtained narrowband signal #5, but it can also be 
seen that there are many irrelevant components with amplitudes similar to the fault component, 
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which can easily lead to misdiagnosis. So, we proceed to the next step. WFT is used to reconstruct 
narrowband signal #5. The reconstructed signal and its envelope spectrum are shown in Fig. 19. 
It can be seen that the noise is greatly weakened, but the fault component is also weakened. The 
characteristic frequency can be found in log-MSES. 2 harmonics, but the amplitude intensity is 
far less than that of the irrelevant component. The recommended indicators are then used to select 
the best weights for extracting individual SES, and the minimum value of the recommended 
indicators appears at 𝑀𝑂 = 0.1, which is considered the best weights. As shown in Fig. 20, the 
irrelevant components are eliminated and the fault components are enhanced, which is enough to 
determine that it is an inner ring fault. 

 

Fig. 18. Inner circle narrowband signal #5 and its envelope spectrum 

 

 
Fig. 19. Inner ring reconstructed signal and its envelope spectrum 
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the signal. Fig. 21 shows the fast spectral kurtosis method. Where 𝐾௠௔௫ is the maximum kurtosis 
value, 𝐵௪ is the bandwidth, and 𝑓௖ is the center frequency. From the kurtosis diagram, we can 
know that 𝐾௠௔௫ is 8.9, 𝐵௪ is 500 Hz, and 𝑓௖ is 5750 Hz. The best frequency band is found in 
Level 3.5, and no useful fault information is observed in the envelope spectrum. 

 

 

 
Fig. 20. Final diagnostic results of LWTSAM method inner circle 

The diagnosis results of Autogram method are shown in Fig. 22. Where 𝐾௠௔௫ is the maximum 
kurtosis value, 𝐵௪ is the bandwidth, and 𝑓௖ is the center frequency. From the kurtosis diagram, we 
can know that 𝐾௠௔௫ is 11.2, 𝐵௪ is 375 Hz, and 𝑓௖ is 5812.5 Hz. The best frequency band is found 
at Level 4. The envelope spectrum results under the best frequency band are given. For further 
verification, the envelope spectra after the rising and falling thresholds are given respectively. It 
can be observed that fault information is submerged by a large number of noise components. 

To sum up, the LWTSAM method has also achieved good results in processing inner ring fault 
signals, which is significantly superior to other classic methods, which verifies the feasibility and 
superiority of the method in this paper. 
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Fig. 21. Inner circle diagnosis results of fast spectral kurtosis method 

  
Fig. 22. Autogram method inner circle diagnosis results 

 

 
Fig. 23. Composite original signal time domain diagram and envelope spectrum 
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4.4. Bearing composite fault diagnosis  

This section will conduct experimental verification of composite fault bearings. The actual 
running speed of the motor is 1758.8 r/min, and the actual rotating frequency is 29.86 Hz. After 
calculation, the characteristic frequency of bearing outer ring fault 𝑓௢ = 70.2 Hz; the characteristic 
frequency of inner ring fault 𝑓௜ = 188.4 Hz can be obtained. Fig. 23 shows the time domain diagram 
and envelope spectrum of the original signal. Due to the interference of a large amount of noise, 
although part of the impact signal can be observed in the time domain, the fault frequency and its 
doubling cannot be observed in the envelope spectrum, and no more useful information can be 
extracted. 

First, the signal is processed using the SAM method, as shown in Fig. 24. The outer ring fault 
information can be observed in both the 3D diagram and the 2D diagram, but the inner ring fault 
information cannot be observed. Only 𝑓௢ can be observed in log-MSES, and all fault information 
cannot be accurately diagnosed. 

 

 

 
Fig. 24. Composite diagnosis results of SAM method 

The LWTSAM method was then used to process the signal. First, the signal is divided using 
the filter bank that comes with MODWT. The number of filters is set to 9 and the bandwidth is 
set to 600Hz. Random impact interference can be successfully separated. According to the 
parameters, narrowband signal #7 contains fault information, and all narrowband signals are 
shown in Fig. 25. 

Narrow-band signal #7 and its envelope spectrum are shown in Fig. 26, and fault-related 
information is hidden in harmonic interference. 

From the obtained narrowband signal #7, 𝑓௢ and 𝑓௜ can be observed, but the amplitude is 
relatively low and lower than other irrelevant components. So, we proceed to the next step. WFT 
is used to reconstruct narrowband signal #7. The reconstructed signal and its envelope spectrum 
are shown in Fig. 27. It can be seen that the noise is greatly weakened, but the fault component is 
also weakened. The harmonics of the inner and outer rings can be found respectively in 
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log-MSES., but the amplitude intensity is lower than that of the original narrowband signal, 
because no suitable MO was selected. The recommended indicators are then used to select the best 
weights for extracting individual SES, and the minimum value of the recommended indicators 
appears at 𝑀𝑂 = 1.1, which is considered the best weights. As shown in Fig. 28, the irrelevant 
components are weakened and the fault components are enhanced, which is enough to determine 
that they are inner and outer rings. 

   

   

   
Fig. 25. Composite fault narrowband signal 

 

 
Fig. 26. Narrowband signal #7 and its envelope spectrum 
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Fig. 27. Composite reconstructed signal and its envelope spectrum 
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Fig. 28. Final diagnosis result of LWTSAM composite fault 

The fast spectral kurtosis method and Autogram method are used to process the signal. Fig. 29 
shows the fast spectral kurtosis method. Where 𝐾௠௔௫ is the maximum kurtosis value, 𝐵௪ is the 
bandwidth, and 𝑓௖ is the center frequency. It can be known from the kurtosis diagram that 𝐾௠௔௫ is 
3.9, 𝐵௪ is 6000 Hz, and 𝑓௖ is 3000 Hz. The best frequency band is found at Level 0. The envelope 
spectrum is all irrelevant information, and the effect is very poor. 

  
Fig. 29. Composite diagnosis results of fast spectral kurtosis method 

  
Fig. 30. Autogram method composite diagnosis results 

The diagnosis results of the Autogram method are shown in Fig. 30. Where 𝐾௠௔௫ is the 
maximum kurtosis value, 𝐵௪ is the bandwidth, and 𝑓௖ is the center frequency. From the kurtosis 
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diagram, we can know that 𝐾௠௔௫ is 2434.9, 𝐵௪ is 1500 Hz, and 𝑓௖ is 2250 Hz. The best frequency 
band is found at Level 2. The envelope spectrum results under the best frequency band are given. 
For further verification, the envelope spectra after the rising and falling thresholds are given 
respectively. It can be observed that only the frequency of fault information is observed in the 
envelope spectrum after lowering the threshold, and the fault information of the rest of the 
envelope spectrum is concealed by noise. 

To sum up, the LWTSAM method can also show good performance when processing 
composite fault signals, which verifies the feasibility and superiority of the proposed method. 

4.5. Quantitative comparison  

Through the above experiments and calculations, a comparative analysis of quantitative 
indicators is given, mainly including: SNR improvement (dB); Fault-to-noise ratio (FNR); 
Entropy of envelope spectrum; Detected fault frequencies. 

The analysis is shown in Table 3. 

Table 3. Quantitative indicator comparison  
Method SNR (dB) FNR Envelope entropy Detected fault frequencies 
Original –6.2 0.31 4.82 No 

Kurtogram –1.4 0.58 3.91 Partial 
Autogram –0.8 0.63 3.74 Partial 

SAM 0.9 0.71 3.26 Single 
LWTSAM 3.8 0.89 2.11 All 

It can be seen from the table that the index data of this method are better than the comparison 
method, which is enough to prove the feasibility of this method. 

4.6. Ablation study and statistical validation 

Based on the above experiments and results, the ablation experimental analysis is given, as 
shown in Table 4. 

Statistical verification is shown in Table 5, the indicators are as follows: Mean peak amplitude; 
Standard deviation (Std); Coefficient of Variation (CV). 

Table 4. Analysis of ablation experiments 
Case MODWT WFT 𝑀𝑂 selection Result 

Case 1 – – – Failed 
Case 2 + – – Weak 
Case 3 + + – Partial 
Case 4 + + + Best 

Table 5. Statistical verification 
Method Mean peak amplitude Std CV 

Kurtogram 1.23 0.55 0.44 
Autogram 1.37 0.46 0.34 

SAM 1.68 0.41 0.33 
LWTSAM 2.98 0.29 0.10 

5. Conclusions 

In this study, a method called LWTSAM was proposed to diagnose bearing faults under 
complex conditions. First, the original signal is divided into several narrowband signals by using 
the filter bank included in the MODWT to achieve the effect of separating some interference 
signals; then, the narrowband signal with the richest fault information is selected and subjected to 
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window Fourier transform to obtain the narrowband signal in the time domain. The amplitude 
value, and more comprehensive and detailed amplitude information is obtained; then, unbiased 
autocorrelation and information entropy are used to select the best weight and extract the single 
square envelope to further reduce the interference of irrelevant components; Finally, the proposed 
method is applied to outer ring fault, inner ring fault and composite fault signals respectively. The 
results prove that the method is fast, effective and adaptable, can automatically and accurately 
extract fault information, and successfully diagnose bearing faults. It also compares it with some 
classic methods, highlighting the advantages of the research method in this paper. In future 
research, we will continue to improve the LWTSAM method to expand its application in practical 
projects. Future work will focus on extending LWTSAM to variable-speed conditions, reducing 
computational cost for online monitoring, and integrating the proposed framework with 
data-driven learning models for intelligent fault diagnosis. 
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