
 

 
Abstract—Periodic impulse components are a typical symptom 

of rotating machinery failure, which are often masked by heavy 
background noise. It is of great practical significance to research 
how to obtain periodic impulse components to achieve fault 
diagnosis of rotating machinery. Fast spectrum correlation (Fast-
SC), as a typical non-stationary and nonlinear signal processing 
method, has been studied in feature extraction by suppressing 
background noise to enhance periodic impulse components. 
However, effectively determining the bandwidth of Fast-SC is still 
a challenging issue. To address this issue, a novel method called 
Fast-SC detector is developed, which decomposes the measured 
signal of rotating machinery into multiple Fast-SC slices with 
different frequency bands. The whale optimization algorithm 
(WOA) is utilized to optimize the number of Fast-SC slices with 
minimum mean entropy as the optimal Fast-SC bandwidth. In 
addition, an adaptive combination morphological filter (ACMF) is 
applied to suppress the residual noise and narrowband impulses 
in the WOA-based Fast-SC slices to enhance the fault features. 
Finally, the Fast-SC detector is constructed using the average 
denoising Fast-SC slices to infer the type of rotating machinery. 
The proposed Fast-SC detector is compared with existing methods 
by applying simulation signal model and experimental data. The 
results prove that Fast-SC detector is superior to some excellent 
periodic impulse extraction algorithms in extracting the symptoms 
of rotating machinery failure. 
 

Index Terms—Fast spectrum correlation detector; Whale 
optimization algorithm; Adaptive combination morphological 
filter; Rotating machinery; Fault diagnosis. 

I. INTRODUCTION 

OTATING machinery, as a key component of mechanical 
equipment, has been applied in numerous fields such as 

aerospace, aircraft engines and wind turbines, etc. [1-2]. Its 
stable operation ensures the safe operation of the mechanical 
system. Thus, the fault detection of rotating machinery has 
always been the emphasis of industrial research. When a partial 
failure occurs on the surface of rotating machinery, periodic 
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impulse components will occur between the defective surface 
and the contact surfaces. However, due to environmental 
interference and other mechanical vibrations, the periodic 
impulse features are very weak and can easily be overwhelmed 
by strong background noise [3-4]. Therefore, how to use 
reasonable signal processing algorithms to obtain impulse 
features from measurement signals with background noise has 
always been a difficult and hot issue in rotating machinery 
condition monitoring and fault detection. 

Numerous signal processing algorithms have been 
introduced for periodic impulse feature extraction, such as short 
time fourier transform (STFT), wavelet transform (WT), 
empirical mode decomposition (EMD), local mean 
decomposition (LMD) and sparse representation, etc. However, 
the above methods have some weaknesses in extracting impulse 
features. For instance, it is difficult for STFT to find a suitable 
short-time window function so that the signal satisfies the 
stationarity assumption under a given time width without 
making the window function too narrows [5-6]. WT is more 
perfect than STFT in theory, but the choice of wavelet basis 
function is a prominent issue [7-8]. EMD is a typical time-
frequency decomposition approach, which adaptively 
decomposes a given signal into multiple intrinsic mode 
functions (IMFs), but it is limited by end effects and stopping 
criteria [9-10]. Compared with EMD, the iteration number and 
calculation speed of LMD have been improved, but there are 
still the same problems as EMD [11-12]. Sparse representation 
can effectively solve common under-determined problems in 
compound fault detection, and has good anti-noise and weak 
state component extraction capabilities, but its performance is 
determined by the atomic library and decomposition scheme 
[13-14]. In addition, these methods require periodic impulse 
components and interference components to be located in 
different frequency bands when processing measurement 
signals. Recently, a novel signal processing method named fast 
spectral correlation (Fast-SC) was developed by Antoni in 
2017, which can accurately obtain fault-related features by 
suppressing random noise in the same frequency band [15]. 
With its advantages, the Fast-SC-based methods have attracted 
widespread attention for rotating machine’s fault diagnosis [16-
18]. Unfortunately, the performance of Fast-SC in extracting 
fault features depends on the Fast-SC bandwidth. In addition, 
unreasonable selection of Fast-SC bandwidth may cause the 
loss of useful information, which will affect subsequent 
analysis results. Whale optimization algorithm (WOA) 
presented by Mirjalili et al. [19] in 2016 is a new meta-heuristic 
optimization method. Compared with other optimization 
algorithms (e.g., particle swarm optimization (PSO), 
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gravitational search algorithm (GSA) and fast evolutionary 
programming (FEP)), WOA has the advantage of fewer setting 
parameters, higher computational efficiency and simpler 
application. These advantages have been applied to address 
parameter optimization issues by a few researchers [20-21]. In 
view of this, a novel method named WOA-based Fast-SC is put 
forward, which can effectively determine the Fast-SC 
bandwidth to improve the feature extraction ability. However, 
WOA-based Fast-SC slices still have interference from 
narrowband impulses and residual noise, which seriously 
influences the identification of impulse features. Therefore, 
further procedures are needed to eliminate narrowband 
impulses and residual noise to enhance fault feature extraction. 

Morphological filter (MF) is a prominent anti-noise 
algorithm, which aims to modify the geometric characteristics 
of the signal through structural elements (SE). The merits of MF 
in removing random noise and narrowband impulses have been 
recognized in many applications [22-23]. Lately, Li et al. [24] 
divided MF into two categories based on the effect of impulse 
feature extraction, one for feature extraction and the other for 
noise reduction. Among them, MF used for noise reduction 
mainly includes opening-closing filter, opening and closing 
filter, average filter and combination morphological filter 
(CMF). Moreover, it has been successfully proved that CMF is 
more suitable for eliminating random noise and narrowband 
impulse than other filters in practical applications [25-26]. 
However, the CMF method lacks adaptive capabilities. With 
the advantages of WOA, this paper puts forward an adaptive 
CMF (ACMF) to effectively remove the narrowband impulse 
and residual noise in the WOA-based Fast-SC slices. 

Based on the above introduction, a novel periodic impulse 
extraction method called Fast-SC detector is put forward for 
rotating machinery fault detection. The main contribution of 
this paper is summarized as follows: (1) A novel Fast-SC 
detector is proposed based on the average WOA-based Fast-SC 
slices to address the inadequacy of empirical selection of 
frequency bands in traditional Fast-SC. (2) A new ACMF is 
utilized to filter out residual noise and narrowband impulses in 
WOA-based Fast-SC slices to improve the performance of 
traditional Fast-SC in fault feature extraction. Simulation and 
experimental results indicate the validity of the Fast-SC 
detector in obtaining periodic impulse features, and prove that 
Fast-SC detector is superior to some excellent periodic impulse 
extraction algorithms (e.g., modulation signal bispectrum 
(MSB), variational mode decomposition (VMD) and improved 
Fast-SC (IFast-SC) and Fast-SC). 

The remainder of the paper is organized as follows. In 
Section Ⅱ  introduces the Fast-SC detector. In Section Ⅲ 
evaluates the effectiveness of the Fast-SC detector by a bearing 
failure numerical model. Section Ⅳ  provides experimental 

validations through two cases researches. Section Ⅴ 
summarizes the conclusion. 

II. FAST SPECTRAL CORRELATION DETECTOR 

A novel Fast-SC detector is a signal demodulation 
technology, which is formed by the fusion of cyclic spectrum 
and short time fourier transform (STFT). The implementation 
process of the Fast-SC detector is introduced as follows. 

A. Fast-SC 

Let 𝑥(𝑡 )  denote a cyclostationary signal, and its spectral 
correlation (SC) is expressed as follows:  

𝑆𝐶 (𝛼, 𝑓)

=
1

𝐹
𝑅 (𝑡 , 𝜏)e e  (1) 

where 𝐹  is the sampling frequency, 𝑡  is the time instants, 
𝑡 = 𝑛 𝐹⁄ , 𝑅 (𝑡 , 𝜏)  is the instantaneous autocorrelation 
function, 𝜏 is the retardation time, 𝛼 indicates cyclic frequency, 
and 𝑓 is carrier frequency. The STFT of 𝑥(𝑡 ) is defined as: 

𝑋 (𝑖, 𝑓 ) = 𝑥[𝑖𝑅 + 𝑛]𝑤[𝑛] 𝑒  (2) 

where 𝑁  means window length, 𝑅 indicates block shift, 𝑤[𝑛] 
means window function, 𝑓  indicates discrete frequencies and 
𝑓 = 𝑘∆𝑓 = 𝑘𝐹 𝑁⁄ , 𝑘 = 0, … , 𝑁 − 1, The phase correction 
of STFT is defined as: 

   𝑋 (𝑖, 𝑓 ) = 𝑥[𝑛]𝑤[𝑛 − 𝑖𝑅] 𝑒

= 𝑋 (𝑖, 𝑓 )𝑒  

(3) 

where 𝑋 (𝑖, 𝑓 )  represents complex envelope of  𝑥(𝑡 )  at 
𝑖𝑅 𝐹⁄ , 𝐿  means raw signal length, 𝑓  and  𝛥𝑓  are central 
frequency and bandwidth, respectively. Assuming that 𝑓 =
𝑓 = 𝑘𝛥𝑓  and 𝛼 = 𝑝𝛥𝑓 + 𝛿 , it is inferred that 𝑓 − 𝛼 = 𝑓 −
𝛼 ≈ 𝑓 . Based on the above assumptions, the Eq. (3) is 
redefined as: 

𝑋 (𝑖, 𝑓 − 𝛼) ≈ 𝑋 𝑖, 𝑓 𝑒
( )( )

 (4) 

where 𝑁  is the center of the window. Thereby, the scanning 
spectral correlation based on STFT is defined as follow:  

𝑆 (𝛼, 𝑓 ; 𝑝)

=
1

𝐾‖𝑤‖ 𝐹
𝑋 (𝑖, 𝑓 )𝑋 𝑖, 𝑓

∗
𝑒

( )
 

=
1

𝐾‖𝑤‖ 𝐹
DFT{

→
𝑋 (𝑖, 𝑓 )𝑋 (𝑖, 𝑓 )∗}𝑒

( ) 

(5) 

where the 𝑆 (𝛼, 𝑓 ; 𝑝)  maps SC in the cyclic frequency 
interval  [(𝑝 − 1)𝛥𝑓; (𝑝 + 1)𝛥𝑓]  implies that it aggregates 
several 𝑝 values to obtain the SC over the entire range of cyclic 
frequencies. Thus, the Fast-SC is expressed as follow: 

𝑆 (𝛼, 𝑓) =
∑ 𝑆 (𝛼, 𝑓; 𝑝)

∑ 𝑅 (𝛼 − 𝑝𝛥𝑓)
𝑅 (0) (6) 

where 𝑝(𝑝 = 1, ⋯ , 𝑃) is the frequency index of the STFT for a 
given cycle frequency 𝛼 , 𝑃 = 𝑁 2𝑅⁄ . 𝑅 (𝑎) =

∑ |𝑤[𝑛]| 𝑒 ( ) 𝑎 𝐹⁄  indicates the kernel function, 
𝑅 (0) = ‖𝑤‖ . The Fast-SC coherence is defined as: 

𝛾(𝛼, 𝑓) =
𝑆 (𝛼, 𝑓)

𝑆 (𝑓)𝑆 (𝑓 − 𝛼)
 (7) 

where 𝑆 (𝑓) represents the power spectral density.  

B. Fast-SC detector 

To obtain robust results, the Fast-SC detector is obtained 
using the average of multiple selected suboptimal slices and is 
expressed as: 



 

𝑆𝑥
𝐹𝑎𝑠𝑡(𝛼) =

1

𝑆
𝛾(𝛼, 𝑓 ),        (𝑓 > 0) (8) 

where 𝑆 indicates the total number of selected Fast-SC slices. 
In this way, it takes advantage of the wider frequency band 
characteristics of the impulse components excitation caused by 
mechanical fault, and ensures more robust detection results 
through inhibiting the strong interference that may appear in a 
single slice. 

To obtain the reliable 𝑓  slices, the 𝛾(𝛼, 𝑓 ) is determined 
using the average value of significant Fast-SC peaks in the 𝛼 
direction, which is defined as: 

𝑆𝑥
𝐹𝑎𝑠𝑡(𝑓) =

1

𝑄 − 1
 𝛾(𝑞∆𝑔, 𝑓)  (9) 

where ∆𝑔 indicates the frequency resolution. The detailed steps 
of the Fast-SC detector are described as follows. 

Step 1: Signal decomposition. The vibration signal is 
decomposed into multiple Fast-SC slices using the Fast-SC. 

Step 2: Sensitive Fast-SC slices selection. The WOA is 
exploited to choose the sensitive Fast-SC slices, and the specific 
process is described in the next steps in Section Ⅱ. 

Step 3: Random noise and narrowband impulse elimination. 
Firstly, set the search ranges of the flat SE length 𝐿 from 3 to 
[𝑓 /𝑓 ] , with the increase of 1, where 𝑓  and 𝑓  indicate 
sampling frequency and fault characteristic frequency [24,26], 
respectively. Next, the WOA algorithm is used to adaptively 
optimize the SE length of ACMF. Finally, the optimized ACMF 
is applied to filter out residual noise and narrowband impulses 
in sensitive Fast-SC slices. 

Step 4: Fault identification. Fast-SC detector is formed by 
averaging the denoising Fast-SC slices to infer the type of 
rotating machinery. 

C. Optimization of Fast-SC slice 

After obtaining a series of Fast-SC slices through Fast-SC, 
an important issue is how to select sensitive Fast-SC slices that 
contain main fault features. If the Fast-SC slices are wrongly 
selected, it will affect the analysis result of the Fast-SC detector. 
WOA is an intelligent method with good global optimization 
capabilities of parameters, which can avoid the phenomenon of 
individual optimization falling into local optimal solutions. 
Therefore, the WOA algorithm is used to optimize the Fast-SC 
slices decomposed by Fast-SC. It is worth noting that the fitness 
function should be determined before Fast-SC slices selection. 
Currently, various measurement indicators, such as correlation 
coefficient [22], sparse measurement [27], kurtosis [23] and 
entropy [28], have been widely applied to evaluate dynamic 
parameters in iteration optimization algorithm. Entropy is the 
measurement criterion of information uncertainty. It can 
accurately detect impulse features from fault component signals 
with lower SNR, and is considered to be an effective and robust 
standard, which has been studied in Ref. [29-30]. In order to 
seek out the global optimal result, the mean entropy of all slices 
decomposed by Fast-SC is taken as the fitness function, which 
is defined as follows: 

⎩
⎪
⎨

⎪
⎧

𝐸 = − 𝑝 ln 𝑝

𝐸 = 1 𝐾⁄ 𝐸 ,

 (10) 

where 𝑝  indicates normalized form of Fast-SC slices, K 
represents the length of 𝐸 , 𝐸 ,  denotes the entropy value of the 
k-th 𝐸 , and 𝐸  indicates mean value of 𝐸 . Substituting 𝑝  into 
Eq. (10), the fitness function is redefined as follow: 
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where 𝐸  indicates fitness function value. Obviously, the 
smaller 𝐸  is, it means that the WOA-based Fast-SC can better 
reflect the edge components of the fault signal and the obtained 
impact feature is more obvious. On the contrary, its ability to 
extract periodic impact features is poor. Thus, the minimum 𝐸  
is regarded as the optimization target of the fitness function. 
The specific process of using the WOA to optimize the Fast-SC 
slice is as follows: 

Step 1: Initialize the parameters of WOA. The whale 
population 𝑁 and maximum iteration number 𝑡  are set as 30 
and 50 [20,22], respectively. 

Step 2: For each search agent, update the values of 𝐴, 𝐶, 𝑙 
and 𝑝, where 𝐴 and 𝐶 mean coefficient vectors, 𝑝 represents a 
random variable in [0,1], and 𝑙 is a random number in [−1,1]. 

Step 3: Generate a random number 𝑝 , when 𝑝 ≥ 0.5 , 
update the current search agent position by �⃗� (𝑡 + 1) =

𝑋∗⃗(𝑡) −𝑋 (𝑡) ∙ 𝑒 ∙ cos(2𝜋𝑙) + 𝑋 ∗⃗(𝑡) , where 𝑡(𝑡 =

1, ⋯ , 𝑡 ) indicates the current iteration number, �⃗� means the 
position vector, 𝑋 ∗⃗ represents the position vector of the optimal 
solution obtained, and 𝑏 is a constant that denotes the shape of 
the logarithmic spiral; when 𝑝 < 0.5 , if |𝐴 | <1, update the 
current search agent position by 𝑋 (𝑡 + 1) = 𝑋∗⃗(𝑡) −

𝐴 𝐶𝑋∗⃗(𝑡) −𝑋 (𝑡) , otherwise update the current search agent 

position by �⃗� (𝑡 + 1) =𝑋 ⃗ (𝑡) − 𝐴 𝐶 𝑋 ⃗ (𝑡) −𝑋 (𝑡) , 

where 𝑋 ⃗  represents a random position vector from the 
current whale population. 

Step 4: Calculate the fitness function value of each agent, 
and find the minimum fitness function value (i.e., min {𝐸 }) 
and as the current best fitness function value. 

Step 5: Determine whether the stop condition is met. That 
is, when the maximum iteration number 𝑡  is calculated, the 
best fitness function value (i.e, the optimal Fast-SC slice 
number) is output. Otherwise, go back to Step 2 to continue the 
cyclic process. 

III. SIMULATION STUDY 

For rotating machinery periodic impulse extraction, 
numerous processing algorithms have been introduced. 
However, these algorithms require periodic impulse 
components and interference components to be located in 



 

different frequency bands when processing measurement 
signals. To address this issue, Fast-SC is introduced to obtain 
periodic impulse components of rotating machinery. However, 
it is difficult to determine the frequency bandwidth and 
eliminate residual noise and narrowband impulses inside the 
band. Therefore, a novel Fast-SC detector is proposed, and the 
results are compared with MSB [31], Fast-SC [15], VMD [26] 
and IFast-SC by rolling bearing fault model in Ref [32]. 

A. Simulated signal model 

When the shaft is running at a constant speed, the impulses 
produced by the interaction between the rolling elements and 
the local defect can be defined as: 

𝑑(𝑡) = 𝑑 𝛿(𝑡 − 𝑘𝑇 ) (12) 

where 𝑑(𝑡) represents the impulse function, 𝛿(𝑡) indicates the 
Dirac delta function, 𝑑  means the impulse magnitude, 𝑇  
denotes the reciprocal of the fault characteristic frequency and 
𝑘 indicates a positive integer. To illustrate the change in speed, 
𝑇  is redefined as: 

𝑇 = 𝑘𝑇 ± 𝜑(𝑟, 𝑘)

𝑑(𝑡) = 𝑑 𝛿(𝑡 − 𝑘𝑇 ∓ 𝜑(𝑟, 𝑘))
 (13) 

where 𝜑(𝑟, 𝑘) = 𝑟𝑇  indicates the time error caused by the 
expected repetition period of the 𝑘  impulse. For a faulty 
bearing, the load arrangement on the rolling elements is 
modeled based on the Stribeck equation, which is defined as: 

𝑞(𝑡)

=
𝑞 (𝑡) [1 − (

1
2𝜀

)(1 − 𝑐𝑜𝑠𝜃)]      𝑓𝑜𝑟 𝜃 < 𝜃  

0                                                   𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒
  (14) 

where 𝜀 represents load distribution coefficient, and 𝜃 indicates 
cage rotation. Based on the literature [26], the 𝜃  can be 
defined as follows: 

𝜃 = 𝑎𝑟𝑐𝑐𝑜𝑠 (
𝐶

2𝛿 + 𝐶
)  (15) 

where 𝐶  denotes radial internal clearance, and 𝛿  indicates 
maximum contact deformation. If the impulse response is 
represented by ℎ(𝑡 − 𝜏), impulse component indicated using 
𝑑(𝑡) will exert a load on the faulty bearing denoted by 𝑞(𝑡), 
resulting in the bearing response measured by the sensor as: 

𝑥(𝑡) = {𝑑(𝜏)𝑞(𝜏)} ℎ(𝑡 − 𝜏)𝑑𝜏 + 𝑛(𝑡)  (16) 

where 𝑛(𝑡) indicate the white noise. According to the literature 
[32], the response of a bearing with a faulty outer race is 
represented by the impulse response function ℎ(𝑡), which can 
be defined as: 

ℎ(𝑡) = [𝑑 𝛿 𝑡 − 𝑘𝑇 + 𝜑(𝑟, 𝑘) ∗ 𝑠(𝑡)] (17) 

𝑠(𝑡) = 𝑒 𝑠𝑖𝑛 (2𝜋𝑓 𝑡) (18) 
where ∗ denotes convolution, 𝑑  represents impulse amplitude, 
set to 1, 𝑀  means impulse number, 𝛼  represents the decay 
parameter, equal to 1300, and 𝑓  indicates the fault excited 
frequency, set to 7000 Hz. Meanwhile, the sampling frequency 
𝑓 = 96 kHz and sampling number N= 960000, and periodic 
impulse fault frequency 𝑓 = 60 Hz. 

B. Simulated signal with low random slippage and low white 
noise 

In this subsection, low white noise 𝑛(𝑡) and 0.5% random 
slippage are added to the bearing failure model. Fig. 1 displays 
the time waveform and its envelope spectrum of the bearing 
failure model with white noise (SNR= -12dB). As illustrated by 
Fig. 1(b), although fault characteristic frequencies are 
recognized, some interference frequencies and residual noise 
are reserved near the higher harmonics. 

The proposed Fast-SC detector is exploited to analyze the 
time waveform of the Fig. 1(a). Based on the specific process 
of the Fast-SC detector, the whale population 𝑁  and the 
maximum iteration number 𝑡  are set as 30 and 50, and the 
window length 𝑁   and the maximum cyclic frequency 𝛼  
are equal to 212 and 250 Hz, respectively. Firstly, the simulated 
signal is decomposed into several Fast-SC slices. The WOA is 
then utilized to optimize the number of Fast-SC slices with 
minimum mean entropy as the optimal Fast-SC bandwidth. As 
illustrated in Fig. 2, when the number of Fast-SC slices is 
greater than 5, the minimum average entropy does not change 
much. In addition, if the number of selected Fast-SC slices is 
too large, useful fault information will be deleted. Thus, the 5 
Fast-SC slices are averaged to obtain the Fast-SC detector in 
this study. Subsequently, ACMF with length 3 is selected using 
WOA to remove residual noise in the selected 5 Fast-SC slices. 
The result of Fast-SC detector is represented in Fig. 3(b). As 
illustrated by Fig. 3(b), residual noise is absolutely filtered out 
and the fault frequency 𝑓  and its harmonics are prominent. 

 
Fig. 1. Simulated signal with low random slippage and low white noise: (a) 

time waveform (b) envelope spectrum. 

 
Fig. 2. Mean entropy of Fast-SC slices. 

As a contrast, IFast-SC (that is, the Fast-SC slice denoising 
without ACMF) and conventional Fast-SC are utilized to 
analyze the time waveform illustrated in Fig. 1(a), and analysis 
results are plotted in Fig. 3(c) and Fig. 4. Fig. 3(c) depicts the 



 

analysis results of IFast-SC using the same parameters as Fast-
SC detector to process the time waveform described in Fig. 1(a). 
As shown in Fig. 3(c), fault frequencies are presented, but 
residual noise and unrelated frequencies are kept more than that 
of Fig. 3(b). For Fast-SC method, the window length 𝑁  and 
the maximum cyclic frequency 𝛼  are equal to 212 and 250 
Hz, respectively. Fig. 4 illustrates the results of the simulated 
signal processed by the Fast-SC. The spectrum peak at the fault 
frequency in the enhanced envelope spectrum is also extremely 
clear, but some interference frequencies and residual noise are 
still reserved near the higher harmonics. 

 

 
Fig. 3. Processed results：(a) Fast-SC slice (b) Fast-SC detector (c) IFast-SC. 

 
Fig. 4. Processed results of the Fast-SC with center frequency of 7000 Hz and 

a bandwidth of 1000 Hz. 

 
Fig. 5. Processed results of the MSB: (a) MSB slice (b) MSB detector. 

For further comparison, the simulated signal is processed by 
the MSB and VMD. For MSB method, the MSB slice is set to 
3 in Ref [31]. Fig. 5 depicts the analysis results of MSB 
processing the time waveform described in Fig. 1(a). From Fig. 
6(b), fault frequencies are presented, but residual noise and 
unrelated frequencies are reserved at higher harmonics. For 
VMD method, the internal parameter α is set to 500 and 
decomposition number K is set to 5 [28]. Specifically, the VMD 
is utilized to decompose the signal into several intrinsic mode 
functions (IMFs), and the frequency band of IMF1 (that is, the 
first IMF component) is consistent with the signal resonance 
frequency band, and it is taken as the target frequency band. 
Subsequently, envelope analysis is performed on the target 
frequency band to detect the fault information, and the result is 
displayed in Fig. 6. The fault frequencies can be recognized, but 
some interference frequencies and residual noise exist at low 
frequencies. 

 
Fig. 6. Envelope spectrum of the IMF1 with center frequency of 7000 Hz and 

a bandwidth of 1000 Hz. 

C. Simulated signal with high random slippage and high white 
noise 

The high white noise 𝑛(𝑡)  and 2% random slippage are 
added to the bearing failure model. Fig. 7 depicts the time 
waveform and its envelope spectrum of the bearing failure 
model with white noise (SNR= -24dB). As shown in Fig. 7(b), 
due to high random slippage and high white noise, the fault 
frequency 𝑓  and its harmonics cannot be clearly observed. 
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Fig. 7. Simulated signal with high random slippage and high white noise: (a) 

time waveform (b) envelope spectrum. 
The proposed Fast-SC detector is applied to handle the 

bearing failure model. Firstly, the bearing failure model signal 
is decomposed into multiple Fast-SC slices. The WOA is 
exploited to optimize the number of Fast-SC slices with 
minimum mean entropy as the optimal Fast-SC bandwidth. 
Thereafter, ACMF with length 5 is selected using WOA to 
process narrowband impulse and residual noise in the selected 
7 Fast-SC slices. Fig. 8(b) illustrates the result of the Fast-SC 
detector. It can be observed that the narrowband impulse and 
residual noise is eliminated, and the fault frequency 𝑓  and its 
harmonics are accurately acquired. 

For comparison, the same signal drawn in Fig. 7(a) was 
analyzed by using IFast-SC and Fast-SC. Fig. 8(c) depicts the 
analysis results of IFast-SC with the same parameters as Fast-
SC detector to process the waveform described in Fig. 7(a). As 
indicated by Fig. 8(c), fault frequencies are presented, but 
residual noise and unrelated frequencies are kept more than that 
of Fig. 8(b). Similarly, Fast-SC with the same parameters as that 
in the first simulation case is exploited to process the bearing 
failure model. As illustrated in Fig. 9, the fault characteristic 
frequencies (i.e.,𝑓 , 2𝑓 , 3𝑓  and 4𝑓  ) can be recognized, but 
some interference frequencies and residual noise are still 
reserved near the higher harmonics. 

 

  
Fig. 8. Processed results：(a) Fast-SC slice (b) Fast-SC detector (c) IFast-SC. 

 
Fig. 9. Processed results of the Fast-SC with center frequency of 7000 Hz and 

a bandwidth of 1000 Hz. 
For further comparison, the simulated signal is processed by 

the MSB and VMD. For the MSB method, the MSB applies 3 
slices to process the time waveform illustrated in Fig. 7(a), and 
results are displayed in Fig. 10. From Fig. 10(b), the fault 
frequencies (i.e.,  𝑓 , 2𝑓 , 3𝑓  and 4𝑓  ) cannot be accurately 
obtained. Similarly, the simulated signal is decomposed into 
multiple IMFs using VMD, the internal parameter α is set to 
500 and decomposition number K is set to 5. Compared with 
other IMFs, the IMF1 frequency band is consistent with the 
resonance frequency band, and it is taken as the target 
frequency band. Subsequently, envelope analysis is utilized to 
extract the fault features of the target frequency band. As 
indicated in Fig. 11, fault frequencies and its harmonics cannot 
be clearly observed. 

 
Fig. 10. Processed results of the MSB: (a) MSB slice (b) MSB detector. 

 
Fig. 11. Envelope spectrum of the IMF1 with center frequency of 7000 Hz 

and a bandwidth of 1000 Hz. 
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IV. EXPERIMENTAL DEMONSTRATIONS 

The superiority of the Fast-SC detector will be further 
investigated on the cylindrical roller bearing data obtained from 
the bearing test facility, the sun gear misalignment data 
obtained from the planetary gearbox test platform and the 
bearing rolling element fault data from Case Western Reserve 
University. 

A. Cylindrical roll bearing fault diagnosis 

The test facility of cylindrical roller bearing is depicted in 
Fig. 12. The test facility includes a motor, three couplings, two 
bearing houses and a DC generator. The vibration signals of the 
cylindrical roller bearing were collected using an accelerometer 
installed on the cylindrical roller bearing house. The cylindrical 
roller bearing inner race were produced using the electrical 
discharge machining, as illustrated in Fig. 13. The sampling 
frequency of data acquisition was 71428 Hz and the data length 
was 300000. The specifications and fault frequencies of the 
cylindrical roller bearing are given in Table Ⅰ. 

 
Fig. 12. The test facility of cylindrical roller bearing. 

 
Fig. 13. Cylindrical roller bearing inner race with small defect. 

TABLE Ⅰ 
SPECIFICATIONS AND FAULT FREQUENCIES OF THE CYLINDRICAL 

ROLLER BEARING 

Bearing 
designation 

Roller 
diameter 
d (mm) 

Pitch 
diameter 𝐷  

(mm) 

Roller 
number 

z 

Contact 
angle 

𝛽 
14 59 9 0° 

N406 
𝑓  (Hz) 𝑓  (Hz) 𝑓  (Hz) 𝑓  (Hz) 

83.3 135.1 48.3 9.3 

Fig. 14 depicts the time waveform and corresponding 
envelope spectrum of the cylindrical roller bearing with inner 
race fault. Although the impulse components can be observed 
in Fig. 14(a), it is not sufficient to recognize the inner race 
failure of the cylindrical roller bearing. Then, the envelope 
analysis is utilized to analysis the vibration signal of cylindrical 
roller bearing to generate the spectrum, as represented in Fig. 
14(b). It is difficult to observe the spectrum peak at the inner 
race of the cylindrical roller bearing, and it has abundant 
interference frequency components. 

 
Fig. 14. Cylindrical roller bearing with inner race fault: (a) time waveform (b) 

envelope spectrum. 
The proposed Fast-SC detector is utilized to process the 

measured signal of cylindrical roller bearing inner race fault. 
The vibration signal is decomposed into several Fast-SC slices. 
Subsequently, the ACMF with length of 10 is exploited to 
eliminate narrowband impulse and residual noise in the selected 
15 Fast-SC slices. The result of the Fast-SC detector is 
represented in Fig. 15(b). As indicated by Fig. 15(b), some 
narrowband impulse and residual noise is clear up and the fault 
frequency 𝑓  and its harmonics are prominent. 

As a comparison, the same experimental data illustrated in 
Fig. 14(a) is handled using IFast-SC and Fast-SC. Fig. 15(c) 
depicts the result of IFast-SC processing the measured signal of 
cylindrical roller bearing. From Fig. 15(c), fault frequencies 
(i.e., 𝑓 , 2𝑓  and 3𝑓  ) are presented, but residual noise and 
unrelated frequencies are reserved at higher harmonics. 
Similarly, Fast-SC is utilized to process the cylindrical roller 
bearing failure signals. Fig. 16 plots the result of the Fast-SC. 
The fault frequencies (i.e.,𝑓 , 2𝑓  and 3𝑓  ) are identified, but 
residual noise and irrelevant frequencies still exist.  

 

 
Fig. 15. Processed results for cylindrical roller bearing：(a) Fast-SC slice (b) 

Fast-SC detector (c) IFast-SC. 
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Fig. 16. Processed results of the Fast-SC with center frequency of 2000 Hz 

and a bandwidth of 2000 Hz for cylindrical roller bearing. 

 
Fig. 17. Processed results of the MSB for cylindrical roller bearing: (a) MSB 

slice (b) MSB detector. 
In addition, MSB and VMD are utilized to analyze the same 

experimental data. The MSB with 3 slices is utilized to handle 
the failure signal of cylindrical roller bearing. The results of 
MSB are illustrated in Fig. 17. As illustrated by Fig. 17(b), the 
fault frequencies are identified, but residual noise and unrelated 
frequencies more than that of Fig. 15(b). The VMD is applied 
to decompose cylindrical roller bearing signal to generate 5 
IMFs, and IMF1 is selected as the target frequency band. 
Subsequently, the envelope analysis is utilized to extract the 
fault features of the target frequency band. As illustrated in Fig. 
18, fault frequencies are presented, but residual noise and 
unrelated frequencies are preserved at higher harmonics. 

 
Fig. 18. Envelope spectrum of the IMF1 with center frequency of 2000 Hz 

and a bandwidth of 2000 Hz for cylindrical roller bearing. 

B. Planetary gearbox fault diagnosis 
The test platform is depicted in Fig. 19. The test platform 

includes a motor, planetary gearbox and DC generator. The 
vibration signals of the sun gear misalignment were collected 
using an accelerometer installed on the planetary gearbox 
house. The sampling frequency of data acquisition was 71428 
Hz and the data length was 300000, and the misalignment value 
of the sun gear is 0.4mm. The specifications and characteristic 
frequencies of the planetary gearbox are listed in Table Ⅱ. 

 
Fig. 19. The planetary gearbox test platform. 

TABLE Ⅱ 
SPECIFICATIONS AND FAULT FREQUENCIES OF THE PLANETARY 

GEARBOX 
Parameter 

 
Number of teeth 

 
Characteristic 
frequency (Hz) 

Sun gear 10 24.10 
Planet gear (number) 26(3) 9.77 

Ring gear 62 3.89 

 
Fig. 20. Planetary gearbox with sun gear misalignment: (a) time waveform (b) 

envelope spectrum. 
The time waveform of the sun gear misalignment and its 

envelope spectrum are represented in Fig. 20. The periodic 
impulse components are difficult to recognize from the 
waveform in Fig. 20(a). In addition, the irrelevant frequencies 
are very rich, and it is hard to reveal the fault features related to 
the sun gear misalignment in Fig. 20(b). 

The proposed Fast-SC detector is exploited to analyze the 
measurement signal of sun gear misalignment. The sun gear 
misalignment signal is decomposed into several Fast-SC slices. 
Subsequently, the ACMF with length of 5 is utilized to remove 
narrowband impulse and random noise in the selected 6 Fast-
SC slices. The spectrum of the Fast-SC detector is illustrated in 
Fig. 21(b). As illustrated by Fig. 21(b), some narrowband 
impulse random noise is filtered out and the sun gear rotational 
frequency 𝑓  , sun gear defect frequency 𝑓  , and their 
combinations 𝑓 ±𝑓  and its harmonics are prominent. 



 

 

 
Fig. 21. Processed results for sun gear misalignment：(a) Fast-SC slice (b) 

Fast-SC detector (c) IFast-SC. 

 
Fig. 22. Processed results of the Fast-SC with center frequency of 1500 Hz 

and a bandwidth of 1000 Hz for sun gear misalignment. 
For comparison, the same sun gear misalignment data 

displayed in Fig. 20(a) is handled using IFast-SC and Fast-SC. 
Fig. 21(c) depicts the result of IFast-SC processing the 
measured signal of sun gear misalignment. From Fig. 21(c), the 
sun gear rotational frequency 𝑓 , sun gear defect frequency 𝑓 , 
and their combinations 𝑓 ±𝑓   and its harmonics) are 
presented, but residual noise and unrelated frequencies are 
reserved at higher harmonics. Similarly, Fast-SC is exploited to 
handle the sun gear misalignment signal, and the result is 
plotted in Fig. 22. From Fig. 22, the sun gear rotational 
frequency 𝑓  , sun gear defect frequency 𝑓  , and their 
combinations 𝑓 ±𝑓   and its harmonics are observed, but 
background noise and irrelevant frequencies more than that of 
Fig. 21(b). In addition, MSB and VMD are utilized to analyze 
the same experimental data. The MSB with 3 slices is utilized 
to handle the sun gear misalignment signal, and result is 
depicted in Fig. 23. The sun gear rotational frequency 𝑓 , sun 
gear defect frequency 𝑓 , and their combinations 𝑓 ±𝑓  are 
identified, but residual noise and irrelevant frequencies in 
higher harmonics are drawn in Fig. 23(b). The VMD is applied 
to decompose sun gear misalignment data to generate 5 IMFs, 
and IMF1 is selected as the target frequency band. Subsequently, 
the envelope analysis is utilized to extract the fault features of 
the target frequency band. As shown in Fig. 24, the sun gear 
rotational frequency 𝑓  , sun gear defect frequency 𝑓  , and 

their combinations 𝑓 ±𝑓  and its harmonics are observed, but 
background noise and irrelevant frequencies are preserved at 
higher harmonics. 

 
Fig. 23. Processed results of the MSB for sun gear misalignment: (a) MSB 

slice (b) MSB detector. 

 
Fig. 24. Envelope spectrum of the IMF1 with center frequency of 1500 Hz 

and a bandwidth of 1000 Hz for sun gear misalignment. 

C. Bearing rolling element fault diagnosis  
To further verify the effectiveness of the Fast-SC detector by 

using data acquired from the Bearing Data Center of Case 
Western Reserve University (CWRU). The test platform is 
depicted in Fig. 25. The test platform includes an induction 
motor, torque sensor and dynamometer. The vibration signals 
of rolling element fault were collected using an accelerometer 
installed on the motor housing. The sampling frequency of data 
acquisition was 12000 Hz and the data length was 122571. In 
addition, the shaft speed is 1797 rpm and ball spin frequency 𝑓  
is 119.4 Hz in this case.  

The time waveform of the rolling element fault and its 
envelope spectrum are displayed in Fig. 26. The periodic 
impulse components are difficult to recognize from the 
waveform in Fig. 26(a). From Fig. 26(b), it can be seen that the 
disturbance frequencies are extremely plentiful, which makes it 
difficult to reveal the rolling element fault features.  

Dynamometer

Torque sensorInduction motor

 
Fig. 25. The CWRU test platform. 
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Fig. 26. Bearing rolling element fault: (a) time waveform (b) envelope 

spectrum. 

 

 
Fig. 27. Processed results for bearing rolling element fault：(a) Fast-SC slice 

(b) Fast-SC detector (c) IFast-SC. 
The proposed Fast-SC detector is exploited to analyze the 

measurement signal of rolling element fault. The rolling 
element fault signal is decomposed into several Fast-SC slices. 
Subsequently, the ACMF with length of 7 is utilized to remove 
narrowband impulse and random noise in the selected 10 Fast-
SC slices. The spectrum of the Fast-SC detector is illustrated in 
Fig. 27(b). As indicated by Fig. 27(b), some narrowband 
impulse random noise is filtered out and fault frequency 𝑓  and 
its harmonics are prominent.  

For comparison, the same rolling element fault data 
displayed in Fig. 26(a) is handled using IFast-SC and Fast-SC. 
Fig. 27(c) depicts the result of IFast-SC processing the rolling 
element fault signal. From Fig. 27(c), fault frequencies 
(i.e., 𝑓 , 2𝑓  and 3𝑓  ) are presented, but residual noise and 
unrelated frequencies are reserved at higher harmonics. 
Similarly, Fast-SC is exploited to handle the rolling element 
fault signal, and the result is plotted in Fig. 28. The fault 
frequencies (i.e.,𝑓 , 2𝑓  and 3𝑓  ) are identified, but irrelevant 

frequencies still exist. 

 
Fig. 28. Processed results of the Fast-SC with center frequency of 3000 Hz 

and a bandwidth of 1000 Hz for bearing rolling element fault. 

 
Fig. 29. Processed results of the MSB for bearing rolling element fault: (a) 

MSB slice (b) MSB detector. 

 
Fig. 30. Envelope spectrum of the IMF1 with center frequency of 3000 Hz 

and a bandwidth of 1000 Hz for bearing rolling element fault. 
In addition, MSB and VMD are utilized to analyze the same 

experimental data. The MSB with 10 slices is utilized to handle 
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the rolling element fault signal, and result is depicted in Fig. 29. 
The fault frequencies (i.e.,𝑓 , 2𝑓  and 3𝑓  ) are identified, but 
residual noise and irrelevant frequencies in higher harmonics 
are drawn in Fig. 29(b). The VMD is applied to decompose 
bearing rolling element fault data to generate 5 IMFs, and IMF1 
is selected as the target frequency band. Subsequently, the 
envelope analysis is utilized to extract the fault features of the 
target frequency band. As shown in Fig. 30, the fault 
frequencies (i.e.,𝑓 , 2𝑓  and 3𝑓 ) are observed, but background 
noise and irrelevant frequencies are preserved at higher 
harmonics.  

D. Further discussion 

Through the analysis results of numerical simulation signals 
and experimental data, it can be clearly concluded that the Fast-
SC detector accurately extracts fault features. Moreover, a 
series of comparative analyses are carried out to highlight the 
advantages of the Fast-SC detector over IFast-SC, VMD, MSB 
and Fast-SC. However, these analysis results are qualitative 
analysis. Thus, this paper put forwards a quantitative fault index 
to compare their performance. The fault index �̅� is represented 
as (unit: dB): 

�̅� = 10 𝑙𝑜𝑔
(𝑁 − 𝑀) ∑ 𝛽(𝑖𝑓)

𝑀 ∑ 𝛽(𝑓 ) − ∑ 𝛽(𝑖𝑓)
 (19) 

where 𝛽(𝑓 ) (𝑘 = 1,2, ⋯ , 𝑁)  indicates overall amplitudes of 
signal in the selected frequency band, 𝛽(𝑖𝑓) (𝑖 = 1,2, ⋯ 𝑀) 
means spectrum amplitudes at the ith harmonic of fault 
frequencies. Obviously, the larger the �̅� value, the stronger the 
fault feature extraction ability. Table Ⅲ. presents the �̅� value of 
above-mentioned methods. As depicted in Table Ⅲ, compared 
with IFast-SC, VMD, MSB and Fast-SC, Fast-SC detector has 
more robust fault detection abilities. Moreover, their CPU time 
cost was tested on a notebook computer (i7-1065G7 processor 
1.3 GHz) to assess the calculation time of five methods, and 
results are illustrated in Fig. 31. The calculation time of Fast-
SC detector is slightly higher than that of IFast-SC, VMD, MSB 
and Fast-SC. There are two aspects that can explain the above 
reasons. On one hand, WOA is utilized to select Fast-SC slices. 
On the other hand, ACMF is applied to suppress the residual 
noise and narrowband impulses in the WOA-based Fast-SC 
slices. Overall, the fault detection capability of Fast-SC detector 
is stronger than that of IFast-SC, VMD, MSB and Fast-SC. 

TABLE Ⅲ 
FAULT INDEX OF THE FIVE METHODS 

 
Fig. 31. Calculation time of five methods. 

As mentioned above, the effectiveness of the Fast-SC 
detector in acquiring impulse features is verified by simulation 
signals and experimental cases, and it is proved that the Fast-
SC detector is superior to some excellent impulse extraction 
algorithms (e.g., IFast-SC, MSB, Fast-SC and VMD). However, 
a few potential issues need to be further researched. On one 
hand, WOA that optimizes Fast-SC slices and ACMF that 
eliminates random noise and narrow-band impulses are 
introduced, which increases the CPU time of the Fast-SC 
detector in processing experimental data. Therefore, the 
computational efficiency of the Fast-SC detector needs to 
arouse more attention in future work. On the other hand, the 
Fast-SC detector is just demonstrated as an algorithm of fault 
characteristic frequency analysis in the study. This method 
compares the peak frequencies of the spectrum with the 
theoretical fault frequencies to identify different types of faults. 
If the parameters or models of the rotating machinery are 
unknown, the theoretical fault frequencies can’t be calculated. 
Consequently, we combine Fast-SC with machine learning to 
study unknown fault identification methods is the focus of 
future work. 

V. CONCLUSION 

A novel periodic impulse extraction method called Fast-SC 
detector is proposed for rotating machinery fault detection. 
WOA-based Fast-SC successfully overcomes the shortcomings 
of Fast-SC bandwidth selection to improve feature extraction 
capabilities. ACMF combined with LMS then is used as a pre-
filter to eliminate the narrowband impulse and residual noise in 
WOA-based Fast-SC slices. The effectiveness of Fast-SC 
detector is certificated by simulation and experimental signals. 
The main conclusions of Fast-SC detector for rotating 
machinery fault detection are drawn as below. 

(1) WOA is applied to select Fast-SC slices containing 
sensitive fault components, enhancing the performance of Fast-
SC in obtaining features. 

(2) ACMF not only solves the problem of CMF output bias, 
but also eliminates the narrowband impulse and residual noise 
in WOA-based Fast-SC slices. 

(3) The results prove that the proposed Fast-SC detector is 
better than IFast-SC, VMD, MSB and Fast-SC in extracting 
fault features. Thus, this paper provided a promising method for 
rotating machinery fault detection. However, we do not deny 
that the Fast-SC detector also has some disadvantages for 
diagnosing complex measurement signals. Therefore, we will 
further improve the Fast-SC detector to address various 
complex real engineering data in future work (e.g., the well-
known databases for faulty rolling bearing (MFPT)).  
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