
Improved Cyclostationary Analysis Method Based on TKEO and Its 

Application on the Faults Diagnosis of Induction Motors 

Zuolu Wang1, 2, Jie Yang1, Haiyang Li2, Dong Zhen1, *, Fengshou Gu2, Andrew Ball2 

1Tianjin Key Laboratory of Power Transmission and Safety Technology for New Energy Vehicles, School of Mechanical 

Engineering, Hebei University of Technology, Tianjin, 300401, P. R. China. 
2Centre for Efficiency and Performance Engineering, University of Huddersfield, Huddersfield, HD1 3DH, U. K. 

*Corresponding author: E-mail address: d.zhen@hebut.edu.cn (D. Zhen) 

 

 

Abstract: Cyclostationary analysis has been strongly recognized as an effective demodulation 

tool in identifying fault features of rotating machinery based on vibration signature analysis. 

This study improves two current mature cyclostationary approaches, cyclic modulation 

spectrum (CMS) and fast spectral correlation (Fast-SC), combined with the novel frequency-

domain application of Teager Kaiser energy operator (TKEO). They can enhance fault feature 

identification with the lower computational burden. Firstly, the raw vibration signal is 

transformed into the time-frequency domain through the short-time Fourier transform (STFT) 

to realize the conversion of the multi-carrier signal to a multiple signal-carrier signal. Secondly, 

the TKEO is utilized to enhance the fault feature by taking full advantage of demodulating the 

mono-component. Finally, the spectral coherence and enhanced envelope spectrum (EES) are 

calculated to effectively exhibit fault features. The superiority of the proposed methods is 

successfully validated by the simulation study and diagnosing the broken rotor bar (BRB) and 

bearing outer race faults of induction motors (IMs) under various operating conditions. 

Key Words: Cyclostationarity; Cyclic Modulation Spectrum; Fast Spectral Correlation; Teager Kaiser 
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1 Introduction 

      Rotating machinery is of particular importance in the industry. And mechanical faults often 

occur due to unexpected working environments, which has made condition monitoring and 

fault diagnosis a hot spot in the field of rotating machinery [1-2]. Timely fault detection is very 

important to ensure reliable operations and avoid catastrophic accidents [3]. Vibration analysis 

has developed into a dominant detection technology as vibration signals can reliably reflect the 

health condition of rotating machinery [4-5]. However, the measured vibration signals are 

nonstationary, and the fault signatures are inevitably buried in heavy background noise [6-7]. 

Nomenclature 

Empirical mode decomposition EMD 

Variational mode decomposition VMD 

Wavelet transform WT 

Orthogonal matching pursuit OMP 

Singular value decomposition SVD 

Machine learning ML 

Intrinsic mode functions IMFs 

Second-order cyclostationary CS2 

Broken rotor bar BRB 

Cyclic modulation spectrum CMS 

Fast spectral correlation Fast-SC 

Averaged cyclic periodogram ACP 

Fast Fourier transform FFT 

Cyclic power spectrum CPS 

Short time Fourier transform STFT 

Continuous wavelet transform CWT 

Teager Kaiser energy operator TKEO 

Adaptive variational mode decomposition AVMD 

Complementary ensemble empirical mode 

decomposition 

CEEMD 

Frequency-weighted energy operator FWEO 

Enhanced envelope spectrum EES 

Squared envelope spectrum SES 

Induction motors IMs 

Discrete Fourier transform DFT 

The improved version of CMS using 

TKEO 

CMS-TKEO 

The improved version of Fast-SC using 

TKEO  

Fast-SC-TKEO 

Amplitude modulation AM 

Signal to noise ratio SNR 
 



This brings huge challenges to the condition monitoring and fault diagnosis of rotating 

machines. Moreover, the faster calculation can better satisfy the requirements of practical 

applications. Therefore, developing effective diagnostic techniques with fault feature 

enhancement and lower computational complexity is of tremendous realistic importance. 

Based on the vibration analysis, various signal processing techniques have been developed for 

the feature extraction and fault detection of rotating machines, such as empirical mode 

decomposition (EMD) [8-9], variational mode decomposition (VMD) [10-11], wavelet 

transform (WT) [12], orthogonal matching pursuit (OMP) [13], singular value decomposition 

(SVD) [14-15], machine learning (ML) [16-17], etc. EMD aims to adaptively process the 

nonstationary signal by decomposing the signal into a series of intrinsic mode functions 

(IMFs). However, its sifting stopping rule needs further attention for effective fault feature 

extraction. VMD is designed to decompose the signal into a given number of modes and it 

shows much more robust to the background noise, but it is susceptible to the initialization of 

the input parameters. WT is a powerful time-frequency processing tool with fine time 

localization and frequency resolution. However, it lacks self-adaptability so that the quality of 

the feature extraction is affected by the selection of the wavelet basis function. In addition to 

the fixed base function, the OMP method is developed to decompose the signal into a series of 

atoms, which increases flexibility and self-adaptability. Due to the introduction of the 

overcomplete dictionary, this method does face the problem of the huge computational burden 

in practical applications. SVD is a powerful matrix processing method that can decompose the 

signal into eigenvectors and eigenvalues. It has been widely employed in the fault detection of 

rotating machines, while it cannot accurately select the number of effective singular values, 

especially under heavy background noise. ML model can be used for fault diagnosis and 

classification, but it highly relies on a large amount of training data and presents a low ability 

to adapt appropriately to the new signal measured from the different mechanical systems. The 

drawbacks of these methods can cause the inaccurate feature extraction and fault diagnosis in 

practice. Therefore, the more advanced method with effective fault feature identification and 

efficient computation should be explored to promote the development of online diagnosis. 

Recently, cyclostationary analysis has become quite popular in the area of machinery fault 

diagnosis. By comparison, cyclostationary analysis can be conducted more easily with lower 

complexity [18]. The theoretical framework and effectiveness of cyclostationarity have been 

proposed and validated successfully by Antoni [19]. It defines the nonstationary vibration 

responses as second-order cyclostationary (CS2) signals and the fault feature is periodically 



modulated from the perspective of statistical characteristics. For example, vibration signals 

measured from the rotating machines with mechanical faults, such as broken rotor bar (BRB) 

[20], gear wear [21], bearing failure [22], and cavitation fault [23], present a high level of 

cyclostationarity that can indicate the operating conditions of the rotating machinery. This 

makes cyclostationary analysis become a preferred tool for the feature extraction and fault 

diagnosis of mechanical systems based on vibration signature. 

In view of the cyclostationary theory, a variety of methodologies have been proposed for the 

fault feature extraction, in which cyclic modulation spectrum (CMS) and fast spectral 

correlation (Fast-SC) are two typical cyclostationary tools with low computational burden [19]. 

In particular, their computational complexity is largely attributed to the application of the short-

time Fourier transform (STFT). And their computational efficiency is far superior to the 

traditional cyclostationary indicators, such as averaged cyclic periodogram (ACP) [24], fast 

Fourier transform (FFT) accumulation method [25], cyclic power spectrum (CPS) [26], and 

spectral correlation [27]. These two effective methods have been continuously applied to 

industrial applications in the last several years due to their simple implementations. First, their 

effectiveness has been verified in the bearing faults diagnosis [19]. Moreover, Kruczek et al. 

[28] reduced the complexity of CMS by updating the process of STFT, which provides good 

diagnosis results of faulty pulley bearing cases. Abboud et al. [29] designed a framework of 

order-frequency spectral correlation based on CMS, which has proven effective for rolling 

bearing faults detection in variable speed conditions. Further, Wang et al. [30] proposed the 

advanced use of CMS for BRB faults by choosing the optimal window function and step size 

applied in STFT. Zhen et al. [31] also extended the CMS based on continuous wavelet 

transform (CWT) and received better carrier frequency resolution. Firat et al. [32] employed 

the CMS in compressive sensing for detecting ships because CMS can offer a reliable and fast 

approximation of the spectral correlation function. At the same time, Yang et al. [33] developed 

an improved bicoherence spectrum combining the CMS method to improve the deep learning 

classification. On the other hand, it is mentioned that the Fast-SC method has been widely used 

for the bearing fault diagnoses. For example, Tang et al. [34] applied the Fast-SC method to 

rolling bearings detection under variable working conditions, which shows excellent 

performance in suppressing background noise. Combined with the Fast-SC method, Zhu et al. 

[35] also achieved the fault detection of the bearing under variable speed in an angle domain. 

In addition, Li et al. [36] proposed the sparse code shrinkage denoising based on Fast-SC to 

identify weak bearing faults buried in background noise. 



Based on the mature applications and excellent computing advantages of these two methods, 

this study aims to enhance their fault recognition capabilities while ensuring higher 

computational efficiency. The enhanced fault feature identification is conducive to early fault 

diagnosis and even the discrimination of different fault severities under various working 

conditions. In these two methods, spectral correlation is an important step for signal 

demodulation, thus greatly affecting the recognition and extraction of fault features. By 

contrast, the time-domain operation method, Teager Kaiser energy operator (TKEO), proposed 

by Teager [37] owns the unique advantages of signal demodulation and fault enhancement, 

especially for the single-carrier signal. The simple implementation and its potential advantages 

have also attracted extensive attraction in the fields of machine fault diagnostics [38-42]. 

However, it has been demonstrated the potential advantages of TKEO are misused as it is 

strictly defined for mono-component [43]. For instance, Gu et al. [38] used TKEO to process 

the reconstructed time-domain signals obtained by adaptive variational mode decomposition 

(AVMD) and enhance the transient fault-related impulse for the rolling bearing fault detection. 

Similarly, Ma et al. [39] used TKEO to demodulate the reconstructed signals based on the 

modified VMD for the incipient fault identification of rolling bearings. The authors directly 

applied TKEO to process the denoised time-domain signal for fault enhancement combined 

with complementary ensemble empirical mode decomposition (CEEMD) [40]. In addition to 

the time-domain application, TKEO is also used in the frequency domain based on the Hilbert 

transform. For example, Imaouchen et al. [41] proposed the variant of TKEO, namely 

frequency-weighted energy operator (FWEO), to extract bearing fault features from the 

reconstructed signal obtained by CEEMD. However, these applications of TKEO do not meet 

the signal to be mono-component. To be specific, fault-related information is easily missed if 

TKEO is used for processing multiple carrier frequency components. Thus, TKEO should be 

correctly used to give full play to its advantage in processing the single-carrier signal and 

enhancing fault features. 

      According to the above analysis, this paper proposes the more robust applications of CMS 

and Fast-SC methods based on the novel application of TKEO in the frequency domain, which 

aims to enhance fault feature recognition and ensure higher computational efficiency. First, 

STFT is an essential step as it can convert the nonstationary vibration signals into sets of single-

carrier signals that are regarded as important carrier frequency components of periodic fault 

information. Second, TKEO is used to demodulate every single-carrier frequency component 

instead of the spectral correlation demodulation. This takes the distinct advantage of TKEO in 



analyzing the single-carrier frequency components and hence highlights the transient fault 

signature. Finally, the spectral coherence and enhanced envelope spectrum (EES), an improved 

version of the squared envelope spectrum (SES) [44], are used to evidence the presence of fault 

features. The numerical simulation validates the effectiveness of the improved CMS and Fast-

SC indicators combined with TKEO, and it shows they still require less computational effort 

due to the simple operation of TKEO. In particular, the computational complexity of the new 

Fast-SC method is further reduced compared to its conventional application. Further, the 

robustness of the proposed methods is testified against the traditional CMS and Fast-SC using 

experimental vibration signals from two types of BRB faults and an outer race fault of the 

rolling bearing in induction motors (IMs) under different working conditions. It turns out that 

the proposed approaches can be seen as efficient and fault-enhanced estimators for analyzing 

nonstationary signals. Specifically, the improved CMS combined with TKEO can provide an 

excellent diagnosis for both BRB failure and outer race fault of the rolling bearing in IMs. 

      The remainder of this paper is organized as follows: Section 2 describes the theoretical 

background. Section 3 presents the improved methods based on TKEO. In section 4, synthetic 

signals are established to verify the superiority of the novel approaches. Subsequently, two 

experimental cases are performed to further validate the robustness of the proposed methods in 

Section 5. And Section 6 gives the conclusions of the whole research work. 

2 Theoretical background 

2.1 Teager Kaiser energy operator 

     TKEO, as a non-linear indicator, is defined for mono-components and hence has the 

advantage of processing the single-carrier signal. The TKEO of continuous signal 𝑥(𝑡) and 

discrete signal 𝑥[𝑛] are given as Eqs. (1) and (2) [37]: 

𝛹(𝑥(𝑡)) = �̇�2(𝑡) − 𝑥(𝑡)𝑥(𝑡)̈                                                                                                    (1) 

𝛹(𝑥[𝑛]) = (𝑥[𝑛])2 − 𝑥[𝑛 − 1]𝑥[𝑛 + 1]                                                                                 (2) 

where 𝑥(𝑡)̇  and 𝑥(𝑡)̈  denote the first-order and second-order derivatives of the continuous 

𝑥(𝑡), respectively. TKEO can be simply implemented, for example, its discrete-time case only 

requires three samples to evaluate the instantaneous energy at each time instant. 

2.2 Two cyclostationary methods   

2.2.1 Cyclic modulation spectrum   



      The traditional CMS is based on the operation of STFT [19]. The STFT of discrete time 

signal 𝑥[𝑛] whose signal length and sampling frequency are L and Fs can be calculated as 

follows: 
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where 𝑓𝑖  =  𝑖𝛥𝑓 , 𝑖 = 0,1,2, … , 𝑁𝑤 − 1 , Nw and R are the window length and step size, 

respectively. K denotes the total number of shift (𝑘 =  1, 2 … , 𝐾), and 𝐾 =  |(𝐿 − 𝑁𝑤)/𝑅| +

1 (|𝐾| is the largest integer not more than 𝐾). In addition, 𝑤[𝑛] is the window function, and 

𝛥𝑓 stands for the frequency resolution as shown in Eq. (4). Therefore, CMS can be computed 

by the double discrete Fourier transform (DFT) of the STFT spectrum as represented in Eq. 

(5). 
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where α and f stand for the modulation frequency and carrier frequency, respectively. M 

denotes the peak time instant of the window function 𝑤[𝑛], and 𝑤[𝑀 + 𝑛]  =  𝑤[𝑀 − 𝑛]. 

      Although this method has a limited detection range of modulation frequency as the 

maximum analyzable cyclic frequency 𝛼𝑚𝑎𝑥 ≤ ∆𝑓, the 𝛼𝑚𝑎𝑥  can satisfy the need for fault 

feature extraction by choosing the appropriate sampling frequency and window length. 

2.2.2 Fast spectral correlation 

      The computationally efficient Fast-SC algorithm is to compensate for the deficiency of 

CMS [19]. This method evaluates the CS2 signals between the frequency 𝑓 and 𝑓 − 𝑝𝛥𝑓 (𝑝 =

 0,1 … 𝑃, and P presents the maximum loop number). This not only demodulates the fault 

components based on spectral correlation, but also expands the 𝛼𝑚𝑎𝑥 to Fs/2R. According to 

the STFT shown in Eq. (3), the phase-corrected STFT is also an important step, represented by 
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where the 𝑋𝑤(𝑘, 𝑓𝑖) stands for the complex envelope of the raw signal sampled at discrete time 

𝑘𝑅/𝐹𝑠 . And the central frequency and frequency bandwidth are 𝑓𝑘  and 𝛥𝑓 , respectively. 

Hence, the Fast-SC can be shown as: 
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𝛼𝑚𝑎𝑥 ≈
𝐹𝑠

2𝑅
                                                                                                                               (9) 

𝑃 = [
𝛼𝑚𝑎𝑥

∆𝑓
] = [

𝑁𝑤

2𝑅
]                                                                                                                 (10) 

      Eqs. (9) and (10) show the maximum cyclic frequency and the loop number, respectively. 

The 𝑆𝐹𝑎𝑠𝑡−𝑆𝐶(𝛼, 𝑓𝑖; 𝑝)  highlights the introduction of the frequency shift 𝑝𝛥𝑓 , which 

significantly reduces the computational cost for signal processing compared with ACP that 

estimates the bandwidth between 𝑓 and 𝑓 − 𝛥𝛼 (𝛥𝛼 =  𝐹𝑠/𝐿). 

2.2.3 Enhanced envelope spectrum 

      It has been demonstrated that spectral coherence can identify the fault feature from the high 

level of background noise. It is an important basis to calculate the EES [45] and it is defined 

as: 

𝛾(𝛼, 𝑓) =
𝑆(𝛼,𝑓)

√𝑆(𝑓)𝑆(𝑓−𝛼)
                                                                                                            (11) 

where S stands for the spectrum calculated by CMS or Fast-SC and 𝑆(𝛼) ≡ 𝑆(0, 𝑓). Hence, 

the specific carrier frequency range can be determined to show fault contents based on the EES 

as presented in Eq. (12): 

 𝑆𝐸𝐸𝑆(𝛼) = ∫ |𝛾(𝛼, 𝑓)|𝑑𝑓
𝑓2

𝑓1
                                                                                                  (12) 

where 𝑓1  and 𝑓2  present two crucial carrier frequencies within Fs/2, and the calculated 

amplitude can return a measure of fault severity. 



3 The proposed methods 

3.1 The operation of Teager Kaiser energy operator in the frequency domain 

       STFT is an effective estimator to deal with nonstationary signals. It is operated through 

continuous shifts of a chosen window function with fixed parameters along the time axis of the 

time-domain signal [46]. Therefore, it converts the multi-carrier signals into a series of single-

carrier signals, and each of the carrier frequency components plays an important part in 

carrying the modulation information. An appropriate example is here given to illustrate the 

influence of fault modulation on the carrier frequency. For the signal 𝑥1  without fault 

modulation shown in Eq. (13), its frequency amplitude in the STFT spectrum does not change 

with time as presented in Figure 1 (a). After STFT, extracting the carrier frequencies 40 Hz 

and 80 Hz of signal 𝑥1  and analyzing them via FFT, we only see the 40 Hz frequency 

component in the spectrums as shown in Figure 2 (a1), (b1). Additionally, Figure 1 (b) shows 

the STFT spectrum of signal 𝑥2 with fault modulation presented in Eq. (14). It can be found 

the amplitudes of the carrier frequency 40 Hz and other carrier frequencies vary with time due 

to the presence of the fault modulation. Similarly, through analyzing the two single carrier 

frequencies 40 Hz and 80 Hz of signal 𝑥2, the obvious fault-related sidebands are found in 

spectrums as observed in Figure 2 (a2) and (b2). It is showed that the occurrence of fault 

modulation causes the amplitude of the carrier frequency to fluctuate over time according to 

the modulation frequency. Moreover, the fault frequency is not only modulated on the main 

carrier frequency of 40 Hz but also its harmonics like 80 Hz. Therefore, for non-stationary 

vibration signals, the fault information is modulated on both a specific carrier frequency and 

other high-frequency components. Taking an example of BRB failure, the low-frequency fault 

component not only modulates on the rotational frequency of the rotor shaft but also appears 

on both sides of other high-frequency contents in the form of sidebands. As a result, an effective 

method for fully extracting and accumulating fault-related information facilitates fault 

identification and classification. 

𝑥1 = cos(2 ∙ 𝜋 ∙ 40 ∙ 𝑡)                                                                                                          (13) 

𝑥2 = (1 + 0.5 ∙ cos(2 ∙ 𝜋 ∙ 3 ∙ 𝑡)) ∙ cos(2 ∙ 𝜋 ∙ 40 ∙ 𝑡)                                                           (14) 



   

Figure 1. The STFT spectrum. (a) for signal x1 and (b) for signal x2. 

 

Figure 2. The FFT spectrum of the carrier frequencies 40 Hz and 80 Hz obtained from signals x1 and 

x2. 

      Compared to spectral correlation demodulation used in CMS and Fast-SC methods, the 

superior advantage of fault feature enhancement of TKEO is here verified. All the operations 

are based on the complex coefficients obtained by STFT. For instance, the signal of the healthy 

equipment in the frequency domain can be described as Eq. (15), and the carrier signal 𝑋𝑛 

follows the change law of Eq. (16). 

𝑋𝑛 = 𝑎𝑛 + 𝑏𝑛𝑗                                                                                                                       (15) 

𝑋(∆𝑡𝑛) = 𝐴1 cos(𝑤∆𝑡𝑛)                                                                                                       (16) 

where 𝑛 (𝑛 =  0,1 … 𝐾)  stands for the discrete points, A1 presents the amplitude, and 

∆𝑡𝑛 (∆𝑡𝑛  =  𝑘𝑅/𝐹𝑠) denotes the discrete time instants. Further, the discrete time signal can 

be calculated by appropriately transforming it into the continuous time domain. Hence, the 

carrier signal with fault modulation can be defined as: 
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where A and w present the amplitude and the frequency of the carrier signal. A0 and w0 denote 

the amplitude and modulation frequency of the modulation signal, respectively. 

      On the one hand, the square demodulation can be used to estimate the demodulation 

capabilities of CMS and Fast-SC methods, because it is similar to the spectral autocorrelation 

or cross-spectral correlation calculation. Neglecting the terms multiplied by 𝐴0
2 (𝐴0 ≪ 1), the 

square demodulation result is shown in Eq. (18): 
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                                               (18) 

the demodulation result involves four frequency components w0, 2w, 2w+w0, and 2w-w0. The 

coefficient related to fault modulation frequency is 𝐴2𝐴0. 

In addition, the TKEO can be performed by substituting the Eq. (17) into the continuous 

expression Eq. (1) and neglecting the parts multiplied by 𝐴0
2. And hence the demodulation 

result is expressed as follows: 
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                                        (19) 

      As can be seen in Eq. (19), it only contains three main frequency components w0, 2w+w0, 

and 2w-w0. In contrast to the amplitude A2A0 calculated by square demodulation, the larger 

coefficient 
1

2
𝐴0𝐴2(4𝑤2 + 𝑤0

2) of the characteristic frequency w0 makes it more obvious in the 

vibration spectrum. This gives the reason why the TKEO method can strengthen the fault 

feature. Further, the frequency-domain TKEO of the discrete complex signal 𝑋[𝑛] is given as 

shown in Eq. (20), in which 𝑋∗[𝑛] presents the complex conjugate of 𝑋[𝑛]. This discrete 

representation is employed to achieve signal demodulation and fault enhancement based on 

complex coefficients obtained in the frequency domain. 

𝜓(𝑋[𝑛]) = 𝑋[𝑛]𝑋∗[𝑛] − √𝑋[𝑛 − 1]𝑋∗[𝑛 − 1]√𝑋[𝑛 + 1]𝑋∗[𝑛 + 1]                                 (20) 



3.2 The improved cyclic modulation spectrum based on Teager Kaiser energy operator 

      Taking full use of the higher demodulation ability of TKEO, the improved version of CMS 

using TKEO (CMS-TKEO) can be described as: 
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where the square operation aims to further highlight the fault characteristic frequency. The 

detailed calculation procedures of the designed CMS-TKEO are as follows: 

(1) Choose appropriate parameters of Nw and R according to signal samples, compute the STFT 

of discrete signal 𝑥[𝑛] and then a series of single-carrier signals 𝑋𝑆𝑇𝐹𝑇(𝑘, 𝑓𝑖) are received; 

(2) Demodulate each 𝑋𝑆𝑇𝐹𝑇(𝑘, 𝑓𝑖) combined with the discrete complex domain operation of 

TKEO as presented in Eq. (20); 

(3) Conduct the square operation to further enhance fault information; 

(4) Based on DFT, the discrete time variable k is transformed into cyclic frequency α; 

(5) Magnitude calibration; 

(6) Calculate the spectral coherence and EES to present demodulation results. 

3.3 The improved fast spectral correlation based on Teager Kaiser energy operator 

      Similarly, the improved version of Fast-SC using TKEO (Fast-SC-TKEO) is achieved as: 
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         (22) 

It is believed that the computing complexity of Fast-SC can be reduced due to the introduction 

of TKEO. Because the Eq. (20) converts the calculation from the complex domain to the real 

domain so that the computational cost of the loop operations on P can be reduced. And the 

calculation procedures of the Fast-SC-TKEO can be achieved through the following steps: 

(1) Choose appropriate parameters of Nw and R according to signal samples, compute the STFT 

of discrete signal 𝑥[𝑛] and then a series of single-carrier signals 𝑋𝑆𝑇𝐹𝑇(𝑘, 𝑓𝑖) are received; 



(2) Demodulate each 𝑋𝑆𝑇𝐹𝑇(𝑘, 𝑓𝑖) combined with the discrete complex domain operation of 

TKEO as stated in Eq. (20); 

(3) Operate the loop for 𝑝 =  0,1, … , 𝑃; 

(4) Based on DFT, the discrete time variable k is transformed into cyclic frequency α; 

(5) Phase calibration; 

(6) Magnitude calibration; 

(7) Calculate the spectral coherence and EES to present demodulation results. 

Since the fault content not only modulates on the main carrier frequency like rotating 

frequency, but also on the other higher carrier frequencies. As results, the carrier frequencies 

𝑓1 and 𝑓2 are respectively determined as 0 and Fs/2 when calculating the EES of two improved 

algorithms for extracting fault information. And the schematic diagram of two novel diagnosis 

methods is illustrated in Figure 3. 

         

Figure 3. The flowchart of the two designed algorithms. 
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4 Simulation Analysis 

4.1 Verification of effectiveness 

      In this section, a numerical signal is constructed to validate the effectiveness of the 

improved methods. The simulation model is a general amplitude modulation (AM) signal 

similar to the simulated signal shown in Eq. (14) because the fault information is mainly 

involved in AM envelope part. As presented in Eq. (23), the AM signal 𝑥(𝑡) is composed of a 

modulation signal 𝑥1(𝑡), a carrier signal 𝑥2(𝑡), and a Gaussian noise signal 𝑛(𝑡). In detail, A1 

and A2 represent the amplitudes of signals 𝑥1(𝑡) and 𝑥2(𝑡). A2 is set as 1, and A1 is respectively 

assumed as 0.5 and 0.9 to present two different fault degrees. D (D = A1/A2) is used to present 

the fault degree and therefore D1 (D1 = 0.5) and D2 (D2 = 0.9) are obtained, respectively. In 

addition, the modulation frequency α and carrier frequency f are set as 3 Hz and 40 Hz. The 

sampling frequency Fs and simulated signal length L are 10 kHz and 106, and 𝑡 = 𝑛/𝐹𝑠 (𝑛 =

0,1, 2, … , 𝐿 − 1). Thus, two degrees of simulation signal are modelled as Eq. (24) and (25). 

𝑥(𝑡) = (1 + 𝐴1𝑥1(𝑡)) ∙ 𝐴2𝑥2(𝑡) + 𝑛(𝑡)                                                                               (23) 

𝑥𝐷1
(𝑡) = (1 + 0.5 ∙ cos(2 ∙ 𝜋 ∙ 3 ∙ 𝑡)) ∙ 𝑐𝑜𝑠(2 ∙ 𝜋 ∙ 40 ∙ 𝑡) + 𝑛(𝑡)                                        (24) 

𝑥𝐷2
(𝑡) = (1 + 0.9 ∙ cos(2 ∙ 𝜋 ∙ 3 ∙ 𝑡)) ∙ 𝑐𝑜𝑠(2 ∙ 𝜋 ∙ 40 ∙ 𝑡) + 𝑛(𝑡)                                        (25) 

      Based on the established simulated signals, all the estimators will be validated with 

parameters Nw = 27, R = 0.25Nw and a Kaiser (β = 3) window. To quantitatively evaluate the 

effectiveness of the proposed algorithms applied to different levels of the simulated failure, 

A1,k and A2,k are respectively established to present the amplitudes of the characteristic 

frequency α in synthetic signals 𝑥𝐷1
(𝑡) and 𝑥𝐷2

(𝑡). And 𝑘 =  1, 2, 3 stand for the cases under 

different signal to noise ratios (SNRs). Moreover, the 𝜂𝑘 shows the fault degree of D2 to D1 as 

follows: 

𝜂𝑘 =
𝐴2,𝑘−𝐴1,𝑘

𝐴1,𝑘
× 100%                                                                                                         (26) 

     Figure 4 shows the detected results of the high degree of simulated fault (D2 = 0.9) under 

SNR = -0 dB. It can be found that the CMS-TKEO and Fast-SC-TKEO methods significantly 

enhance the fault feature. In addition, Figure 5 displays the analyzed results of weak fault (D1 

= 0.5) under low SNR of -16 dB. The characteristic frequency amplitudes calculated by two 

improved methods are larger than those obtained by their traditional applications. It is validated 



that the fault identification capabilities of the proposed methods are highlighted. Further, 

Figure 6 compares four methods for identifying two degrees of simulated faults according to 

Eq. (26). It is observed that the proposed CMS-TKEO and Fast-SC-TKEO methods can provide 

a higher level of discrimination of two fault severities at high SNR and similar results at low 

SNR compared to their traditional versions. The simulation study shows two optimal methods 

further result in more obvious fault indication under different SNRs. Moreover, they also show 

better performance in distinguishing different degrees of failure. To be specific, it is noted that 

the CMS-TKEO receives the best analysis result because it not only presents the largest fault 

amplitude, also gives a sharper distinction of different fault severities. 

 

Figure 4. The simulation results obtained by four methods with SNR = -0 dB and D2 = 0.9. 



        

Figure 5. The simulation results obtained by four methods with SNR = -16 dB and D1 = 0.5. 

 

Figure 6. The simulation fault degree obtained by the EES of CMS, CMS-TKEO, Fast-SC, and Fast-

SC-TKEO under different SNRs. 

4.2 Computational cost 

      All the simulation analysis and the subsequent experimental data processing will be 

performed on a desktop computer (i7-4790 Processor 3.6 GHz). The noise-free synthetic signal 

𝑥𝐷1
(𝑡) is processed with different signal length L (𝐿 = 2𝑙 × 104, 𝑙 = 1,2, … ,9) to compare the 



computational efficiency among four methods. The simulated signal length ranging from 2 ×

104 to 5.12 × 106 covers the common sample range used in practice. The other parameters 

remain the same as those used in the above simulated study. Therefore, Figure 7 illustrates the 

time in seconds consumed to compute the CMS, CMS-TKEO, Fast-SC, and Fast-SC-TKEO 

methods. The comparative analysis shows the proposed CMS-TKEO and Fast-SC-TKEO 

methods still retain the advantage of high computing efficiency. For instance, only 6 s and 8.15 

s are respectively consumed by CMS-TKEO and Fast-SC-TKEO approaches when 𝐿 = 29 ×

104 . And the order of the computing efficiency is always CMS>CMS-TKEO>Fast-SC-

TKEO>Fast-SC at any signal length, which enables them to capture fault information in real-

time applications. Most importantly, the numerical simulation demonstrates the computational 

cost of Fast-SC is further reduced thanks to the novel use of the frequency-domain TKEO. 

    

Figure 7. The computational time required to compute the CMS, CMS-TKEO, Fast-SC, Fast-SC-

TKEO for different signal length. 

5 Experimental Validation and Results Discussion 

5.1 Test setup 

      To compare the performance between the proposed techniques and conventional 

cyclostationary methodologies, the IM facility was performed to acquire vibration signals. The 

testing IMs include a healthy baseline motor and three faulty motors with 1BRB, 2BRB, and 

outer race fault of the rolling bearing. The supply frequency and theoretical synchronous speed 



of the three-phase test motor are 50 Hz and 1500 rpm, respectively. Figure 8 shows the detailed 

structure of the test rig system. This test bench covers a load generator, a coupling, an AC 

motor, an encoder, and two accelerometers that are mounted vertically and horizontally. 

Meantime, the loads were applied with the generator, encode was used to measure motor speed, 

and the vertical and horizontal accelerometers installed on the motor were used to capture 

vibration signals. 

In the test, the artificial defects were made to simulate the BRB and outer race faults. Three 

treated faulty motors with two different degrees of BRB failure and an outer race fault of the 

rolling bearing are displayed in Figure 9. 

Figure 8. The test rig for the IM facility. 

     

                      (a)                                         (b)                                               (c) 

Figure 9. The damaged forms of the motors: (a) one broken rotor bar, (b) two broken rotor bars, and 

(c) outer race fault of rolling bearing. 

      Further, the vertical vibration signals were specifically collected from IMs under several 

conditions of 0%, 20%, 40%, 60%, and 80% of the full loads to examine the influence of the 

working condition on fault detection. All the vibration signal measurements were sampled with 
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a 24-bit acquisition system at a high sampling frequency of 96 kHz. In addition, a data length 

of 30 s was collected under each working load to ensure the reliability of the vibration signal. 

      In the experimental study, the Kaiser (β=3) window is applied to STFT for the fault 

diagnosis, since experiments show this window function presents better behaviour for feature 

extraction. Additionally, the window length Nw is 28, the step size R (R = 64) is selected as 

25% of the window length. And the fault frequency peak will be considered to indicate the 

fault severity. 

5.2 Two treated fault cases 

      The BRB and outer race failure of the rolling bearing are two frequent mechanical faults in 

IMs. In this paper, these two faults will be detected based on the generated abnormal vibration 

signature under different load conditions to evaluate the validity of the proposed methods. 

5.2.1 Broken rotor bar fault 

      Regarding the BRB faults, a variety of work [47-48] has revealed that the characteristic 

frequency 2𝑠𝑓  (where f and s indicate the supply frequency and slip) is the dominant 

modulation content on the rotational frequency 𝑓𝑟 in the vibration signals. As a result, it excites 

speed oscillation and torque ripple of the rotor shaft at frequency 2𝑠𝑓 . The sideband 

components 𝑓𝑏𝑟𝑏 and the slip s can be expressed as: 

𝑓𝑏𝑟𝑏 = 𝑓𝑟 ± 2𝑠𝑓                                                                                                                        (27) 

𝑠 =
𝑛𝑠−𝑛𝑚

𝑛𝑠
                                                                                                                                (28) 

where ns and nm present the synchronous speed and mechanical speed of the motor, respectively. 

      In this section, two BRB faults under different running conditions are utilized to verify the 

ability of the improved methods to discriminate different types of faults. The supply frequency 

𝑓 of IM is 50 Hz. According to the characteristic frequency 2𝑠𝑓  and slip calculation as 

expressed in Eq. (28), Table 1 lists the fault frequency components and calculated slips of IM 

under various conditions. 

Table 1. The calculated slips and fault frequencies of three faulty motor modes. 

Load conditions  

(%) 

Slip (s) Fault frequency  

(Hz) Healthy motor 1 BRB 2 BRB 

0 0.0012 0.0020 0.0020 0.12/0.20/0.20 



20 0.0080 0.0092 0.0097 0.80/0.92/0.97 

40 0.0148 0.0172 0.0180 1.48/1.72/1.80 

60 0.0228 0.0268 0.0270 2.28/2.68/2.70 

80 0.0308 0.0372 0.0400 3.08/3.72/4.00 

First, Figures 10, 11, and 12 display the time-domain waveforms of the healthy motor and 

faulty motors with 1BRB and 2BRB. In terms of the vibration amplitudes, there is no clear 

difference that can be found between the faulty motor with BRB and the healthy motor. 

Therefore, the time-domain analysis method fails to diagnose nonstationary vibration signals 

with mechanical faults. In addition, Figure 13 presents the detection results of the healthy motor 

under different loads with four cyclostationary methods. And the red lines denote the 

characteristic frequencies according to the theoretical calculation presented in Table 1. As 

observed, the healthy motor does not present clear fault signatures in the vibration spectrum. 

And all the amplitudes of the theoretical fault frequencies calculated by four methods are 

similar and relatively smaller. In terms of the BRB faults, Figure 14 and Figure 15 respectively 

provide the detected results of 1BRB and 2BRB faults using Fast-SC and Fast-SC-TKEO 

methods under different operating conditions. It is noted that the fault frequencies extracted by 

Fast-SC-TKEO under different operating conditions are enhanced. Similarly, Figure 16 and 

Figure 17 display the detected results of CMS and CMS-TKEO methods. Obviously, the CMS-

TKEO has the ability to extract and present larger fault amplitudes compared to the CMS 

method. It is important to point out that both CMS-TKEO and Fast-SC-TKEO methods show 

the more obvious advantage of fault feature enhancement under low load conditions, especially 

the proposed CMS-TKEO method. This is very helpful for the diagnosis of weak faults. 

Moreover, Table 2 shows the extracted BRB characteristic frequency components by four 

methods based on 2𝑠𝑓. Compared to the theoretical calculations as shown in Table 1, two 

improved methods can accurately locate the fault frequency like the traditional methods. 

      For further comparison study, Figure 18 displays two degrees of BRB faults reflected by 

fault frequency amplitudes. Compared to the traditional Fast-SC method shown in Figure 18 

(a), the proposed Fast-SC-TKEO method significantly expands the level of the BRB fault 

discrimination as presented in Figure 18 (b). Especially in the low load conditions, the Fast-

SC-TKEO can offer larger identification of BRB severities. As illustrated in Figure 18 (c), the 

CMS method can essentially give satisfactory diagnosis under different loads, while the CMS-

TKEO method can present higher detection accuracy of different load conditions as displayed 

in Figure 18 (d). Whether the tested motor is under low or high load, the fault peak extracted 



by CMS-TKEO is larger than that obtained by the Fast-SC-TKEO method so that it can exhibit 

a larger degree of discrimination between different fault types. 

To visualize the discrimination of several methods between two BRB fault severities, the fault 

severity of 2BRB with respect to 1BRB is set as follows: 

 𝜂𝑚 =
𝐴2,𝑚−𝐴1,𝑚

𝐴1,𝑚
× 100%                                                                                                       (29) 

where 𝜂𝑚  shows the fault severity, 𝐴1,𝑚  and 𝐴2,𝑚  stand for the amplitudes of the fault 

frequency α, and m (m = 1, 2, 3, 4, and 5) denotes five different loads. Therefore, Figure 19 (a) 

shows the BRB fault severity identification of Fast-SC and Fast-SC-TKEO methods. The 

proposed Fast-SC-TKEO exhibits a higher distinction of BRB fault severities, especially at low 

load conditions. Moreover, the proposed CMS-TKEO method also presents an excellent 

performance in terms of BRB failure degree distinction under low loads and similar results 

with the CMS method at high loads. Overall, the Fast-SC-TKEO and CMS-TKEO methods 

can achieve more accurate BRB fault detection compared to their original versions. In contrast, 

it can be concluded that the proposed CMS-TKEO gives fairly superior BRB faults 

identification and extraction. This is due to the novel application of frequency-domain TKEO 

in demodulating the single carrier signals and enhancing the fault signature. 

Table 2. The BRB fault frequencies extracted by four methods. 

Loads condition  

(%) 

Fast-SC (Hz) CMS (Hz) Fast-SC-TKEO (Hz) CMS-TKEO (Hz) 

1BRB 2BRB 1BRB 2BRB 1BRB 2BRB 1BRB 2BRB 

0 0.20 0.20 0.20 0.20 0.20 0.20 0.20 0.20 

20 0.93 0.97 0.93 0.97 0.93 0.97 0.93 0.97 

40 1.77 1.83 1.77 1.83 1.77 1.83 1.77 1.83 

60 2.70 2.77 2.70 2.77 2.70 2.77 2.70 2.77 

80 3.67 4.03 3.67 4.03 3.67 4.03 3.67 4.03 

 



 

Figure 10. The time-domain waveform of the healthy motor. 

   

Figure 11. The time-domain waveform of the damaged motor with 1BRB. 



  

Figure 12. The time-domain waveform of the damaged motor with 2BRB. 

 

Figure 13. The fault frequencies α for the healthy motor calculated via the EES of Fast-SC (black), 

Fast-SC-TKEO (pink), CMS (green), and CMS-TKEO (red) methods under 0%-80% loads. 



 

Figure 14. The fault frequencies α for 1BRB calculated via EES of Fast-SC (blue) and Fast-SC-TKEO 

(red) methods under 0%-80% loads. 

 



Figure 15. The fault frequencies α for 2BRB calculated via EES of Fast-SC (blue) and Fast-SC-TKEO 

(red) methods under 0%-80% loads. 

  

Figure 16. The fault frequencies α for 1BRB calculated via EES of CMS (blue) and CMS-TKEO (red) 

methods under 0%-80% loads. 



  

Figure 17. The fault frequencies α for 2BRB calculated via EES of CMS (blue) and CMS-TKEO (red) 

methods under 0%-80% loads. 

    



   

Figure 18. Two BRB severities with different working conditions presented by the amplitudes of 

characteristic frequencies obtained from (a) Fast-SC, (b) Fast-SC-TKEO, (c) CMS, and (d) CMS-

TKEO. 

 

Figure 19. BRB fault severity discrimination of four methods. 

5.2.2 Bearing outer race fault 

      The operation condition of bearing has an essential influence on the remaining using life 

and dynamic performance of IM [49]. The localized outer race defect can cause a transient 

impulse when the rolling element contacts the crack. Vibration analysis has been a popular tool 

to diagnose bearing failures. And the characteristic frequency due to the outer race fault is as 

follows [12]: 

𝑓𝑜 =
𝑁

2
𝑓𝑟[1 −

𝐵𝐷

𝑃𝐷
𝑐𝑜𝑠𝜃]                                                                                                          (30) 



where N indicates the number of balls, BD and PD respectively present the ball diameter and 

pitch circle diameter, and 𝜃 stands for the contract angle. The bearing specifications used for 

this experiment are displayed in Table 3. 

Table 3. The specifications of the rolling bearing. 

Parameters N BD PD θ 

Values 9 mm 9.53 mm 46.4 mm 0° 

      Moreover, the effectiveness of the developed CMS-TKEO and Fast-SC-TKEO methods is 

further validated by processing the outer race damage of the rolling bearing. According to Eq. 

(30), Table 4 shows the rotating speeds and characteristic frequencies of the healthy motor and 

damaged motor with outer race fault under different working conditions. Figure 20 compares 

the analyzed results of the healthy motor obtained by four methods in which the red lines 

highlight the positions of outer race fault frequencies as illustrated in Table 4. However, there 

is no obvious fault frequency found in the spectrum. According to the extracted outer race fault 

frequencies by four methods as displayed in Table 5, four cyclostationary algorithms can 

accurately recognize the outer race fault characteristic frequencies. Further, Figure 21 

compares the detected results of the outer race fault of the rolling bearing by Fast-SC and Fast-

SC-TKEO methods. It is found the fault feature extraction is enhanced by Fast-SC-TKEO, 

especially under low load conditions. As observed in Figure 22, the CMS-TKEO can greatly 

highlight the fault feature compared with the CMS method under different working conditions. 

Two improved methods maintain higher sensitivity to the outer race damage. They can 

effectively resist noise interference and pinpoint the outer race defect feature more prominently 

than their traditional applications. Moreover, the proposed CMS-TKEO method can present a 

more obvious failure enhancement behaviour under various load conditions than the Fast-SC-

TKEO method. 

Table 4. The calculated theoretical outer race fault frequencies under different loads. 

Load conditions 

(%) 

Speed (rpm) Theoretical fault  

frequencies 𝑓𝑜  (Hz) Healthy motor Outer race fault 

0 1498 1497 89.28/89.21 

20 1488 1486 88.68/88.56 

40 1478 1474 88.08/87.84 

60 1466 1461 87.37/87.07 

80 1454 1446 86.65/86.17 



Table 5. The outer race fault frequencies extracted by four methods. 

Load conditions 

(%) 

Fast-SC (Hz) CMS (Hz) Fast-SC-TKEO (Hz) CMS-TKEO (Hz) 

Outer race fault frequency 

0 89.44 89.44 89.44 89.44 

20 88.81 88.81 88.81 88.81 

40 88.07 88.07 88.07 88.07 

60 87.27 87.27 87.27 87.27 

80 86.41 86.41 86.41 86.41 

      Considering the smaller fault amplitudes of the healthy motor calculated by four methods, 

the outer race fault components of the faulty motor are only displayed and compared among 

four methods. And the analysis results obtained by four approaches are shown in Figure 23. It 

can be found both Fast-SC-TKEO and CMS-TKEO methods are improved in terms of fault 

impact feature extraction in comparison with the original methods. It is essential to note that 

the CMS-TKEO algorithm remains a higher diagnosis capability of outer race fault. The 

extracted higher peaks can provide an accurate recognition between the outer race damage and 

healthy bearing. As a result, the novel CMS-TKEO method can be effectively and efficiently 

applied to the feature extraction and fault detection of common rotating machinery failures, 

including BRB and outer race fault of the rolling bearing in IMs. 



  

Figure 20. The fault frequencies f0 for healthy motor calculated via EES of Fast-SC (black), Fast-SC-

TKEO (pink), CMS (green), and CMS-TKEO (red) methods under 0%-80% loads. 

 



Figure 21. The fault frequencies f0 for outer race defect calculated via EES of Fast-SC (blue) and Fast-

SC-TKEO (red) methods under 0%-80% loads. 

 

Figure 22. The fault frequencies f0 for outer race defect calculated via EES of CMS (blue) and CMS-

TKEO (red) methods under 0%-80% loads. 

 



Figure 23. The outer race defect severities with different running conditions presented by the 

amplitudes of the fault frequency. 

6 Conclusions 

      In this study, two novel cyclostationary methodologies are developed combined with the 

novel application of TKEO in the frequency domain. Through the significant improvement, the 

performance of the signal demodulation and fault feature enhancement of the traditional Fast-

SC and CMS methods are optimized. The improved algorithms combine three advantages of 

TKEO. Firstly, the peaks of the periodic vibration impact feature can be enhanced by TKEO, 

which is superior to the demodulation characteristic of spectral correlation. Secondly, the 

spectrum contents after STFT are transformed into a series of single-carrier signals and they 

are effectively demodulated by TKEO in the frequency domain instead of the time domain. 

This takes advantage of TKEO in processing the single-carrier signal. Furthermore, two 

improved approaches still remain higher computational efficiency thanks to the simple 

operation of TKEO, especially the Fast-SC is reduced. Finally, the simulated signal and 

experimental cases verify the effectiveness of proposed methods for faults feature enhancement 

and even classification. Most importantly, the designed CMS-TKEO tool performs better in 

diagnosing rolling bearing outer race defects and different degrees of BRB faults in IMs under 

various load conditions. 

It is believed that the improved methods can be conducted as powerful signal processing 

tools for feature extraction and classification of other mechanical faults. Considering the 

disadvantage of low carrier frequency resolution from STFT, future work will in-depth extend 

the single-carrier signal analysis capability of TKEO via improving the carrier frequency 

resolution. 
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