
Abstract— In this paper we aim to compare the abilities and 
performances of signal processing tools to detect non-stationary 
signals coming from condition monitoring of electrical machines.  
From the vast amount of available tools, we focus on existing 
signal processing methods suitable for real applications for non-
stationarities tracking and quantification over time which is 
particularly interesting in fault diagnosis. First, we assess the 
spectral kurtosis, a tool that gained much attention because of his 
capability to characterize transients masked by strong noises. In 
order to detect non-stationarities, other methods are evaluated 
such as the spectral subtraction through the short time Fourier 
transform or the Wiener filtering which can remove stationary 
components. The analytical framework of each tool is first 
presented. Non-stationary tests signals based on properties of 
vibration signals of bearings are proposed to compare 
effectiveness, advantages and drawbacks of each methods for 
non-stationarities detection. The purpose is to select a method 
that is best suited for each type of non-stationarity in order to 
improve the reliability of the detection. 
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I. INTRODUCTION 
Over the past decades, with the computing advances, 

complex signal processing tools have been commonly used in 
many applications. Simultaneously, signal processing methods 
including multiple variants and concatenation of tools have 
been extensively developed. Among this vast literature, we are 
focusing on tools that can be easily implemented on real life 
applications in order to enhance condition monitoring of 
systems and thus improve their reliability. In general signal 
encountered in real applications possess both stationary and 
non-stationary components often buried in strong background 
noises. In many applications, it is necessary to detect short 
duration and weak magnitude transients which can be 
challenging in some cases. Most mechanical and electrical 
faults in machinery have the characteristics of transient events 
in vibrations signals [1]–[3]. Moreover, speed and load 
variations create non-stationary conditions that compelled 
researchers to apply time-frequency methods in fault detection 
algorithms on both stator current and vibration signals [4]. We 
naturally look towards time-frequency methods as they reveal 

the time-dependent variations of signals. The spectral kurtosis 
(SK) is a spectral statistic tool that removes stationary 
frequencies and provides high response for transient 
frequencies. The spectral subtraction through the short time 
Fourier transform (STFT) [5] often used in audio noise 
cancellation purposes can also be used to enhance non-
stationarities as it could suppress periodic spectral components. 
From the same point of view, the Wiener filter will be 
compared as it could serves the same purpose with less 
computing time [6], [7]. In the following sections, the signal 
processing tools will be theoretically presented as part of a 
condition monitoring system along with two types of synthesis 
non-stationary vibration signals based on properties of a 
bearing generalized roughness fault. Next, using these signals, 
the studied methods will be compared to find a trade-off 
between efficient non-stationary detection and computing time. 

II. METHODOLOGIES 

A. Spectral Kurtosis 
 In statistics, the kurtosis is a quantifying indicator of the 
tails of the probability distribution of a signal ( ). This is the 
fourth standardized moment defined as [8]:  ( ) = 〈( − ) 〉 − 3 (1) 

where μ and σ are the mean and standard deviation of ( ) 
and 〈… 〉 the expected value. With this definition, the kurtosis 
of a random signal is zero. According to [9], the spectral 
kurtosis can be defined as the fourth-order spectral moment: ( ) = 〈 ( ) 〉〈| ( ) |〉 − 2 (2) 

where ( ) is the discrete Fourier transform (DFT) of  ( ). 
Then the SK of  ( )  can be interpreted as the kurtosis of ( ) on each frequency . To compute the SK, a minimum 
number of spectrum realizations are necessary, which means 
that the STFT has to be used. However, the window length 
could be difficult to find in order to maximize the SK, and 
hence maximize the transient detection. The kurtogram’s 
method studied in [10] is a relatively quick method to compute 
the SK using either multirate filters or complex Morlet 
wavelets. It is used to select the best window length to 
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determine in which frequency band the kurtosis is at its 
maximum. In term of process condition monitoring, obtaining 
this frequency band is the first step to highlight the transient 
activity over time. The SK is computed between a reference 
state signal from the system and the next state signal by using 
the STFT with a fixed window length for a real time 
implementation. In [11] a SK based criterion is used to monitor 
defined bearing fault frequencies. Derived from this criterion 
a non-stationary criterion is proposed by only taking the 
positive values of the SK over all frequency  :   = ∑ ( )∑ ( ) − 1 ;   ( ) > 0   (3) 

where  and  are the signals acquired from the monitored 
system respectively at time  and  with > . To improve 
the signal-to-noise ratio (SNR), each SK is squared, 
minimizing values between zero and one. With the proposed 
definition, the criterion  is set at zero at the start of the 
monitoring. 

B. Spectral Subtraction 
The principle of the next methods is to enhanced non-

stationarities by removing the stationary parts of the signals 
being monitored over time. The STFT is a time localized 
Fourier transform of a signal ( ) using a sliding window 
function ( ). The result is two-dimensional, provides time 
variation of the frequency content and is defined as: 

 ( , ) = ( ) ( − )  (4) 

where N stands for the number of samples and   the time 
index. The spectral subtraction based STFT as defined in [12] 
is performed during the condition monitoring between two 
states of the system in which ( ) is considered as the initial 
reference for the system: 

 ( , ) = | ( , ) − ( , )| ( , ) (5) 

where ( , ) is the phase of ( , ) and ( , ) is the 
spectral residue containing non-stationarities. The inverse 
STFT is then computed to retrieve the temporal residue ( ) 
which is an image of the non-stationarities. The absolute rms 
value of ( )  is computed to obtain a readable criterion 
characterizing the evolution of the system between the two 
states: = 1 | ( )|   (6) 

C. Wiener filtering 
The spectral subtraction can also be performed using a 

model of the system assuming that the reference signal  ( ) 
is a wide sense stationary process. This can be achieved 

through a Wiener filter which is an optimal estimation of ( ) in the mean-square sense. As previously studied in [13], 
the prediction error  can be formulated as: = 〈 ( ) − ( ) ( − ) 〉 (7) 

where  ( ) are Wiener filter coefficients, 〈… 〉 the expected 
value,  and  the filter’s order. Equation (7) can be rewritten in 
matrix form and efficiently solved using the Levinson 
recursion algorithm [14]. The filter’s optimal order is selected 
using the model’s Bayesian Information Criterion (BIC) [15]. 
As the system state will evolve and degrade, the prediction 
error between the modeled reference state and the next state 
will increase accordingly. Thus the prediction error is chosen 
as a valuable criterion:  = 1 ( ) − ( ) ( − )  (8) 

where ( )  is the temporal signal of the next state of the 
system. 

III. FORMULATION OF THE TEST SIGNALS 
In order to compare the performances of the proposed 

methods, non-stationary synthesis signals are constructed 
based on the information available in the literature on the 
bearing generalized roughness fault. In [16], this fault is 
described as a broadband increase of vibration spectrum with 
the absence of the bearing characteristic fault frequencies. As 
the fault increases in severity, the magnitude of the broadband 
effects increases accordingly [16]. As stated in [16], bearing 
currents greatly contribute to the production of generalized 
roughness in the bearings. Among the other causes, the loss of 
lubricant, contaminated or degraded lubricant are also known 
to produce a generalized roughness fault [16], [17]. The non-
stationarity of this fault may come from the random impact 
process caused by the wide distribution of surface defects as 
stated in [18]. Thus, bearing vibrations are stochastically time-
dependent, that is non-stationary. The test signals constructed 
in this section are used to qualify and compare some existing 
signal processing tools used in the field of bearing health 
monitoring. Note that the test signals are not exactly models of 
a bearing generalized roughness fault.  

A. Case 1: Signal with random Transients 
 The first case considers a signal composed of transients 
randomly occurring in time, simulating a possible random 
impact process between the races and balls of the bearing. 
Derived from previous work [19]–[21], the transients 
components are modelled as a series of exponentially decaying 
sinusoidal vibrations: 

( ) = Θ( − ) ( ) sin 2 , ( − ) × ( )  (9) 



with ( ) = 1 + 0.25 × sin( ) describing the transmission 
path of mode vibration and ,  and ,  being the amplitude, 
damping ratio and resonant frequency of the ith mode, 
respectively. The resonant frequencies are randomly chosen in 
the range:  ∈ [2 , . . . , 5 ] . The amplitudes   are 
increased between two states of the monitoring to simulate the 
evolution of the fault, while the damping ratio is a fixed 
parameter. In equation (9), the term Θ( − ) is defined as:  Θ( − ) = 1   − ≥ 00  − < 0  (10) 

It is used to insert the transients at the random points of time .  

In order to obtain a significant amount of transients this process 
is repeated  times to form the following signal: ( ) = ( ) (11) 

A Gaussian background noise is finally added to the simulated 
signal ( ) as it is always found in real vibration signals. One 
portion of the temporal test signal and the spectrum of the entire 
test signal is shown in Fig. 1. 

 

 
 

Fig. 1. Test signal with random transients, portion of the temporal signal (top) 
& spectrum of the entire signal (bottom)  

B. Case 2: Non-Stationary Synthesis Vibration Signal 
The second case considers a non-stationary vibration signal 

which is constructed by extrapolation of the sparse information 
available in the literature concerning the generalized 
roughness fault.  

In accordance with [18], the generalized roughness fault 
experimentally produced is found to create non-stationary 
effects in a large frequency band = [0 − 3333 ]. Based 
on [18], a synthesis signal is formulated. It is composed of 
broadband changes in high-frequency vibrations whose 
parameters evolve with time in order to simulate the fault 
severity; thus obtaining a more or less representative image of 
a developing generalized roughness fault. The reference state 
signal  with standard deviation 1 which could be the signal 
acquired at the start of a rotating machine during its steady 
state, is originated from an healthy bearing vibration obtain 
after maintenance. Its spectral representation is depicted in Fig. 
2. It naturally contains periodic components due to shaft 

rotation, a background noise, resonant frequencies and little 
amount of non-stationarities. A Gaussian white noise  with 
parameters  ,  and  is added to  to model the 
strong background noise. To construct the next state signal, 
non-stationarities are added in the reference signal within large 
frequency bands centered around the resonant frequencies of 
the reference signal. The bands are chosen randomly with 
constrains and between defined frequency bounds. The non-
stationary signal consists in a Gaussian white noise with a zero 
mean, a time dependent standard deviation  ( ) linearly 
increasing along the signal length. It is then filtered around the 
selected frequency bands. The severity of the bearing 
degradation can be mimicked by increasing the standard 
deviation slope  . The non-stationary signal is not a bearing 
fault model but is only used to validate the sensitivities of the 
proposed methods. Table 1 summarizes the non-stationary 
signal parameters and Fig. 3 shows an example of a part of the 
non-stationary signal constrained in the frequency 
band [1.36 − 1.73 ]. 

 
Fig. 2. Healthy bearing spectrum used as the reference state signal  

TABLE I.  NON-STATIONARY SIGNAL CHARACTERISTICS 

Additive background noise = ( ) ; = 0 ; =  

Fixed frequency bounds (kHz)  [0.7 −  1.1] ; [1.2 −  1.8] ; [2.5 −  4.5] 

 
Fig. 3. Part of the non-stationary synthesized signal 

 



IV. SIMULATION RESULTS 

A. Signal Processing Methods Comparison 
In order to compare the methods, we compute their 

respective criteria , ,  on the signal with random 
transients and on the vibration signal seeded with a broadband 
non-stationarity from case 1 and case 2 respectively. We 
defined four different states to emulate the bearing health 
monitoring: for case 1 the amplitude   is linearly increased 
over time in the range  = 0.2 . . 1 , while for case 2, the 
standard deviation slope   is linearly increased over time in 

the range  = [0.005 . .  0.07] ×  , with  = 0.015 . 
Concerning the Wiener filtering method: the order is 

selected for the two different signals corresponding to case 1 
and 2 by taking into account the BIC curve with order  = 1, … ,300 . The BIC criterion is similar to the Akaike 
Information Criterion (AIC). As the BIC value decreases, the 
model accuracy increases and a penalty is imposed with the 
increment of the model order. The optimal order is obtained 
for the slowest BIC value, or when the BIC decreases slowly 
[15]. The optimal orders are = 22  and  = 263  for 
reference signal of case 1 and 2 as shown in Fig. 4.  

The window length used in spectral kurtosis and spectral 
subtraction have been optimized to maximize the sensitivities 
of the criterion defined in section II. All the parameters used 
for the methods are summarizes in Table 2. 

 
Fig. 4. Wiener Filter order selection via the BIC criteria 

TABLE II.  DETAILS ON THE METHODS FOR CASE 2 

Method – CPU time Implementation details 

Spectral Kurtosis 
CPU time = 246 ms 

Hanning window length = 512 samples 
Overlap = 75% 
Hanning window length = 512 samples 
Overlap = 75% 
 

Spectral Subtraction 
CPU time = 398 ms  

Wiener filter 
CPU time = 79 ms 

Model order search : find best BIC for  = 1, … ,300 

 
Note that the Wiener filtering method consumes less CPU 

time than the others, which is of importance for 
implementation an embedded real time application or for a 
condition monitoring application. The CPU times (Intel® 
Core™2 3.0GHz) exclude the methods’ optimizations which 

are performed at first iteration. The simulation results are 
summarized in Table 3. One should be noted that because of 
the criterion’s definition, each first criteria equals zero at the 
start of the monitoring. The results of case 1 show that all the 
three methods have good sensitivities for a set of given signal 
parameters. For the case 2, the simulation pointed out that the 
SK is no more efficient when the standard deviation slope falls 
under  = 0.07 , contrary to the other two methods 
whose criterion’s order of magnitudes are still consistent. The 
last two methods have been found to provide a better response 
to broadband non-stationarities than the SK which seemed 
more sensitive to signal of case 1. In the hypothesis fixed on 
the synthetized signals, the results demonstrate that the SK is 
not always the more effective tool in analyzing certain kind of 
non-stationarities.  

Fig. 5 displays the spectrum of the reference vibration 
signal (case 2) along with a highly degraded stage with large 
broadband changes (case 2) with   = . It presents 
strong resemblance with the spectrum obtained in [16], [17] 
for a bearing generalized roughness fault. 

 
  Case 1 Case 2 

 

Parameters 
= 0.2 = 0.4 = 0.7 = 1 

 = 5 × 10 × 1  = 2.5 × 10 × 1  = 4.5 × 10  × 1  = 7 × 10 × 1 

M
et

ho
ds

 

Spectral 
Kurtosis 

= 0 = 1.8 = 3.4 = 6.3 

= 0  = −2.7 × 10  = −2.6 × 10  = 4.1 × 10  

Spectral 
Subtraction 

= 0 = 5.8 × 10  = 1.4 × 10  = 2.4 × 10  

= 0 = 1.5 × 10   = 1.7 × 10  = 1.9 × 10   

Wiener 
filter 

= 0 = 1.9 × 10  = 4.0 × 10  = 6.2 × 10  

= 0 = 2.7 × 10   = 3.0 × 10  = 3.5 × 10  

TABLE III.  SIMULATION  RESULTS  FOR THE STUDIED METHODS 



 
Fig. 5. Comparison between a highly degraded state & healthy bearing state 
for case 2 

V. CONCLUSION 
The above results illustrate the effectiveness of the 

proposed methods to quantify the presence of a non-stationary 
signal. Simulations on test signals have also shown that the 
indicator made with SK is dependent on the properties of the 
non-stationary signal demonstrating that an a priori knowledge 
of the signal to be detected is often necessary. The bearing 
generalized roughness seems to produce both effects of 
random transients (signal of case 1) and broadband changes 
(signal of case 2). In situations where the random transients are 
dominating over the broadband changes, the SK would be 
more suited than the spectral subtraction and the Wiener 
filtering. However if the broadband changes are dominant in 
the vibration signal (signal of case 2), the Wiener filtering or 
the spectral subtraction should be utilized. An experimental 
validation is therefore necessary to conclude on the preferred 
method to be used. For this purpose, following the work done 
in [22], [23] where artificial bearing currents are used to 
degrade the bearings, future work will consist in the production 
of a realistic generalized roughness fault to assess the 
performances of the three studied methods on a real 
application. 
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