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Abstract: As the key component in aeroengine rotor systems, the health status of rolling bearings directly influences the reliability and safety of aeroengine rotor systems. In order to monitor rolling bearing conditions, a fusion fault diagnosis method, namely empirical mode decomposition (EMD)-Mahalanobis distance (E2MD) and improved wavelet threshold (IWT) (E2MD-IWT) for vibrational signals and acoustic emission (AE) signals is developed to improve the diagnostic accuracy of rolling bearings. The IWT method is proposed with a hard wavelet threshold and a soft wavelet threshold. Moreover, it is shown to be effective through numerical simulation. EMD is utilized to process the original AE signals for rolling bearings so as to generate a set of components called intrinsic modes functions (IMFs). The Mahalanobis distance (MD) approach is introduced in order to determine the smallest MD between the original AE signal and IMF components. Then, the IWT approach is employed to select the IMF components with the largest MD. It is demonstrated that the proposed E2MD-IWT method for vibrational and AE signals can improve rolling bearing fault diagnosis, beyond its ability to effectively eliminate noise signals. This study offers a promising approach to fault diagnosis for rolling bearings in aeroengines with regard to vibration signals and AE signals.
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1  Introduction

Bearings are important components in industrial applications, such as gas turbines and aeroengines. In order to ensure bearings are reliable and safe, condition monitoring should be used, which has large economic value and social benefits. As of 2021, numerous condition monitoring techniques have been developed, including acoustical emission (AE)-based monitoring techniques and vibrational-based monitoring techniques [1–3]. The AE method is widely used in fault diagnosis [4–6], when traditional linear filtering method cannot effectively denoise signals. In order to tackle this problem, the wavelet approach is applied to denoise and extract the features from AE signals [7]. The wavelet analysis approach has good local in time-frequency domain, which helps with unstable signal analysis. However, the denoising effect of wavelet analysis is closely related to the characteristics of signals and the selection of wavelet basis function and decomposition layers. In order to resolve this problem, Huang et al. [8] developed the empirical mode decomposition (EMD) method to decompose signals into numerous intrinsic mode components (IMF). Wavelet transformation requires a wavelet basis function, while decomposition depends on the basis function [8]. The EMD method can linearly and stably handle nonlinear and unstable signals. Nevertheless, EMD is an adaptive signal processing method which obtains adaptive basis functions for different signals [9–13]. In this case, EMD cannot process complex nonlinear and unstable signals due to modal aliasing with intermittent events and missing frequencies [14].

A new method, the periodic process, was developed by combining wavelet denoising and EMD. Yang and An analyzed the vibration signals of wind turbine gear boxes through wavelet transformation to address high-frequency signals via EMD [15]. Kedadouche et al. [16] used EMD and wavelet transformation to decompose acoustical signals into IMFs. The soft threshold method was applied to each IMF to further denoise them. This method is more effective than using the soft threshold method on its own. Using an improper wavelet threshold can have a negative impact on denoising. In this case, an improved wavelet threshold denoising method is developed in order to enhance the ability of EMD to denoise [17]. This work offers a promising approach to improving the fault diagnosis of rolling bearings using vibrational and AE signals. By integrating EMD, the Mahalanobis distance method and an improved wavelet threshold method, this paper develops a fusion fault diagnosis method, called empirical mode decomposition (EMD)-Mahalanobis distance (E2MD) and improved wavelet threshold (IWT) (E2MD-IWT), which enhance the diagnostic accuracy of rolling bearings taking vibrational signals and acoustic emission (AE) signals into account. The IWT method, which is based on a hard wavelet threshold and a soft wavelet threshold, is shown to be effective through simulations. EMD is used to process the original AE signals of rolling bearings for the purpose of generating a set of components called intrinsic modes functions (IMFs). The Mahalanobis distance (MD) approach is used to select the smallest MD between the original AE signal and IMF components, while the IWT approach is adopted to determine the IMF components based on the largest MD.

The rest of this paper is organized as follows: Section 2 introduces the basic theories of the E2MD-IWT method, namely the EMD method, the MD method, the Wavelet threshold denoising method and Teager energy spectrum analysis, which are used to support the fault diagnosis of rolling bearings. In Section 3, the fault diagnosis of rolling bearings is used to validate the proposed E2MD-IWT method in terms of denoising ability and diagnostic accuracy, based on rotor fault simulation tests. Finally, Section 4 summarizes the conclusions.

2  Basic Theory

2.1 Empirical Mode Decomposition (EMD) Method

As a commonly used signal processing method, empirical mode decomposition (EMD) is utilized to decompose complex signals into intrinsic mode components (IMFs). IMFs must satisfy two conditions [8]: (a) the number of zero-crossings (including the maximum and minimum points) must be equal (or differ by no more than one) across the dataset; and (b) at any point, the mean value of the upper envelope and lower envelope must both be zero on the basis of the local minima principle. For the signal x(t), the EMD procedure is as follows [18]:

Step 1: All the local extremum values (including maxima and minima) for x(t) are calculated, and then the cubic spline curve method [19] is applied to fit the upper envelope xh(t) and the lower envelope xl(t) containing the maxima and minima points, respectively.

Step 2: The average value m(t) of the upper envelope xh(t) and lower envelope xl(t) is computed by

m(t)=xh(t)+xl(t)2
(1)

Step 3: The difference x1(t) between the original signal x(t) and the mean value m(t) can be expressed as

x1(t)=x(t)−m(t)
(2)

Step 4: When x1(t) satisfies the IMF condition, x1(t) is the first component of x(t), i.e., the first IMF (IMF1) and denoted by c1(t). When x1(t) does not satisfy the IMF condition, Steps 1~3 are repeated until the first IMF is acquired.

Step 5: After acquiring the first IMF c1(t), the rest signal r1(t) for x(t) is given by

r1(t)=x(t)−c1(t)
(3)

The rest signal r1(t) is considered the new original signal with which Steps 1~4 can again be applied until all the IMF components of x(t) are calculated. Complete decomposition is achieved when the rest signal is a non-oscillating monotone function or less than a preset value. Assuming that the original signal x(t) can be ultimately decomposed into n IMFs and a rest signal rn(t)

x(t)=∑i=1nci(t)+rn(t)
(4)

where ci(t) is the ith IMF which is the ith component of the original signal x(t).

The flow chart for calculting EMD for an original signal x(t) is described in Fig. 1.
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Figure 1: Flow chart for empirical mode decomposition (EMD)

2.2 The Mahalanobis Distance (MD) Method

The Mahalanobis distance (MD) method [16–18] was developed by the Indian statistician Mahalanobis, to express the covariance distance of data. The MD method is an effective method for calculating the similarity between two unknown samples. Unlike with Euclidean distance [20], MD is not affected by dimensions and not related to the measurement units used. The MD between two points can be either standardized or centralized. The MD method only considers the contacts between different characteristics, ignoring any correlation between variables [21,22]. Therefore, MD can be easily measured, making it suitable for fault detection.

The observation distance d between the sample y and the sample x with m × n is defined as

d2=(y−x¯)′x−1(y−x¯)
(5)

where m is the dimensional number of sample vector x; n is the number of samples; and x¯ is the core of matrix x which is given by

x¯=1m∑i=1nxi
(6)

The covariance matrix of matrix x is

cx=1m−1∑i=1n(xi−x¯)(xi−x¯)′
(7)

where xi is the ith element in matrix x.

By using the EMD method, a smaller MD between the original signals and IMF components can be extracted for rolling bearing faults, which is the basis of rolling bearing fault diagnosis.

2.3 The Wavelet Threshold Denoising Method

In practice, noisy signals usually appear as high frequency signals, while useful signals appear either as low frequency or more smooth signals. When signals are decomposed by wavelet, signals with noise in the high frequency wavelet cannot be eliminated. Therefore, the threshold quantization threshold is applied to process these high frequency wavelet coefficients in order to reconstruct the signals. Signal wavelet threshold denoising begins by determining the critical threshold λ. If the wavelet coefficients are smaller than the critical threshold λ, the coefficients produced by noise are removed. However, the coefficients induced by useful signals remain when the wavelet coefficients are greater than the critical threshold λ. In this case, signals are denoised via the wavelet inverse transformation of the processed wavelet coefficients. The wavelet threshold denoising method works as follows:

Step 1: Apply wavelet transformation to the signal f(t) with noise for one group of wavelet decomposition coefficients ωj,k where j indicates the jth component of a useful signal and k denotes the kth component of a signal with noise.

Step 2: Handle the wavelet decomposition coefficients ωj,k by thresholds to obtain the estimated wavelet coefficients ω¯j,k.

Step 3: Reconstruct the estimated wavelet coefficients ω¯j,k to calculate the estimated signal f¯(t), which is the denoised signal.

As shown above, the threshold and threshold function play a crucial role in determining denoising quality [18]. The wavelet threshold denoising method was developed to choose the optimum basis function and decomposition layers for wavelet decomposition [23]. The wavelet coefficients are determined by choosing the appropriate threshold function and threshold for different wavelet dimensions. With this method, the noise in signals with high frequency wavelet coefficients can be eliminated using threshold quantization threshold processing high frequency wavelet coefficients to reconstruct the signals [24,25]. Threshold functions, including the soft threshold and hard threshold functions, are given in Eqs. (8) and (9).

The soft threshold function is given as

ω¯j,k={sgn(ωj,k)(|ωj,k|−Thr),|ωj,k|≥Thr0,|ωj,k|<Thr
(8)

where sgn() is the symbol function; and Thr is the threshold.

The hard threshold function is given as

ω¯j,k={ωj,k,|ωj,k|≥Thr0,|ωj,k|<Thr
(9)

The wavelet coefficients in the soft threshold and hard threshold functions vary between the threshold and zero, due to signal distortion. In order to address this issue, this study develops an improved wavelet threshold, in which wavelet coefficients are less than the threshold and the small wavelet coefficients contain useful message in the signals. The improved threshold function is denoted by

ωj,k={ωj,k,|ωj,k|≥Thrsgn(ωj,k⋅a⋅|ωj,k|),|ωj,k|<Thr
(10)
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Figure 2: The original and threshold signals in the time domain with different thresholds (a) Original signal (b) Noise signal (c) Hard threshold (d) Soft threshold (e) Improved threshold

In order to validate the effectiveness of the improved wavelet threshold, a simulated signal x(t) = x0(t) + x1(t) with sample frequency 4,096 Hz and sample time 1 s is selected. x0(t) is the periodic pulse decay signal with frequency 16 Hz. In each cycle, x1(t) has the attenuation function e–1000t · cos(2π · 600t) with frequency 10 Hz. The white gauss noise is overlayed with regard to the signal x(t). The time domain origin signal, noise signal, hard threshold signal, soft threshold signal and improved threshold signal are shown in Fig. 2.

As demonstrated in Fig. 2, the hard threshold, soft threshold and improved threshold can effectively remove noise and maintain the image detail to a high standard. Moreover, the improved threshold is less distorted than the hard threshold and soft threshold. The denoising effect is also diagnosed and the results are shown in Tab. 1. As listed in Tab. 1, the improved threshold has the largest signal-to-noise ratio (SNR) and smallest mean square error (MSE), which shows that the improved threshold method has a strong denoising effect and less distortion relative to the hard threshold and soft threshold in terms of signal denoising.
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2.4 Teager Energy Spectrum Analysis

The nonlinear energy tracking operator is used to analyze and track the energy of narrowband signals using a simple mathematical method [26]. In order to simplify the narration, the nonlinear energy tracing operator is abbreviated as the energy operator, denoted by Ψ. The Teager energy operator Ψ of the signal x(t) [26–29] is defined as

ψ(x(t))=(x˙(t))2−x(t)x¨(t)
(11)

where x˙(t) and x¨(t) indicate the first and second order differential of x(t), respectively. The differential is substituted for the difference relative to the discrete signal x(n). The Teager energy operator is defined as follows:

ψ(x(n))=x2(n)−x(n−1)x(n+1)
(12)

In Eq. (12), Ψ[x(n)] can be calculated for the source of the signal energy at time n using three samples. It can be seen from Eqs. (11) and (12) that the essence of the Teager energy operator is the square product of the instantaneous amplitude and the instantaneous frequency of the vibration signal. Compared with the traditional energy definition, the square product of the frequency is present in the Teager energy operator. The vibration frequency of the transient impact is higher in rolling bearings. Therefore, the output of the Teager energy operator can effectively enhance the transient impact components, and then extract the early weak fault characteristics of the rolling bearings. In this paper, the Teager energy operator is employed to extract the features of rolling bearing faults.

3  Experimental Analysis

The bearing fault simulation test bench is shown in Fig. 3, which contains a computer, AE sensor and data collector. The bearing outer-race fault is displayed in Fig. 4, which is processed using the linear cutting method [30,31], with width 0.5 mm and depth 0.5 mm. In this study, the TMB-N204M bearing is used and its basic parameters are shown in Tab. 2. The feature frequency of the rolling bearing outer-race fault is f0 = 84 Hz for a rotating speed of 1,116 rpm, in line with Eq. (13).

f0=Z2[1−DwDpwcos⁡β]fr
(13)

where Z is the number of rollers; Dw indicates pitch diameter; Dpw denotes roll bar diameter; β expresses contact angle; and fr is the roller running frequency.
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Figure 3: Simulation test bench for bearing faults

[image: images]

Figure 4: Bearing outer ring fault
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Figs. 5 and 6 show the time domain and frequency domain graphs for the fault bearing outer ring, respectively. In Fig. 5, the obvious periodic impact failure can be seen, with interference signals departing shortly after. In Fig. 6, the natural frequency spectrum of the bearing fault is not obvious and requires further denoising.
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Figure 5: Time domain graph of the bearing outer ring fault
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Figure 6: Frequency domain graph of the bearing outer ring fault

In order to extract obvious fault features, it is necessary to denoise the original signals of the bearing fault. EMD is applied to decompose the original signals and calculate their IMF components, as shown in Figs. 7 and 8.
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Figure 7: c1–c17 IMF components
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Figure 8: MD between the first five IMFs and the original signals

Fig.8 shows the MD between the first five IMFs and the original signals. As shown in Fig. 8, the peak value of Mahal2 is the lowest, while the peak values of the first five IMFs are such that Mahal2 > Mahal3 > Mahal1 > Mahal4 > Mahal5. For precision, the average MD is calculated for all the points of the first five IMFs. These are denoted by avg1, avg2, avg3, avg4 and avg5, as shown in Tab. 3. As illustrated in Tab. 3, the average values are such that avg2 > avg3 > avg1 > avg4 > avg5. Like in Fig. 8, Mahal2, Mahal3 and Mahal1 are considered the real components, while the rest are taken to be false low frequency and excluded.

The proposed improved wavelet threshold method is applied to components c1–c3. The sym5 wavelet base undergoes five-layer decomposition in order to deconstruct the five layers of the wavelet. The denoised signal is shown in Figs. 9–11.
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Figure 9: Denoised signal for c2
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Figure 10: Denoised signal for c3
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Figure 11: Denoised signal for c1

In order to determine the frequency of the bearing fault, Teager energy spectrum analysis is used to denoise components c1–c3. As shown in Fig. 12, the frequency 83.92 Hz is equal to f0 84.00 Hz as approximated in Eq. (13), which indicates that the outer rface of the bearing is broken. The amplitudes of the failure frequency in Figs. 13 and 14 are smaller than that in Fig. 12, because the MDs are greater than that in Fig. 12.

[image: images]

Figure 12: Teager energy spectrum for c2
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Figure 13: Teager energy spectrum for c3
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Figure 14: Teager energy spectrum for c1

In order to verify the proposed E2MD-IWT method, the Teager energy spectrum analysis method is compared in terms of signal processing. Fig. 15 presents the Teager energy spectrum analysis result for the original signal.

[image: images]

Figure 15: Teager energy spectrum analysis for the original signal

As illustrated in Fig. 15, the failure frequency 83.92 Hz also exits, but its amplitude is smaller in Figs. 12–14. As a result, there are fewer frequency multiplications than in Figs. 12–14 and weaker denoising. Therefore, the proposed E2MD-IWT method in this study is more effective and can diagnose the fault types of rolling bearings. Hence, the proposed E2MD-IWT method can effectively enhance the fault diagnosis of rolling bearings.

4  Conclusions

This study sought to develop a fusion fault diagnosis method (i.e., empirical mode decomposition (EMD)-Mahalanobis distance (MD) (E2MD) and improved wavelet threshold (IWT) (E2MD-IWT)) for vibrational signals and acoustic emission (AE) signals, for the purpose of enhancing the diagnostic accuracy of rolling bearings. The E2MD-IWT method integrates the strengths of the EMD method, the MD approach, the IWT method and the Teager energy method. When diagnosing faults with the proposed E2WD-IWT method, EMD is used to process the original AE signals of the rolling bearing so as to generate a set of components (intrinsic modes functions, IMFs). Then, the MDs of said IMFs are calculated using the MD method by selecting the smallest MD between the original AE signal and its IMF components. Meanwhile, those IMF components that have the largest MD are selected using the IWT method. The Teager energy spectrum analysis approach is applied to extract the natural frequencies of the acquired denoised fault signals. The performance of the fault diagnosis using the proposed E2MD-IWT can be summarized as follows:

(1) The improved wavelet threshold denoises better than the traditional hard wavelet threshold and soft wavelet threshold;

(2) The developed E2MD-IWT method can more precisely extract fault features and diagnose rolling bearing fault signals than direct Teager energy spectrum analysis as applied to the original AE signals;

(3) The proposed E2MD-IWT method enhances the fault diagnosis of rolling bearings with regard to denoising and feature extraction.

In future work, more parameter identification methods should be investigated for a range of signal types, such as AE signals and vibration signals, in order to support its application in engineering and further improve health status monitoring for rolling bearing in complex machinery, like aeroengines.
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Table 3: Average MD values
IMF1 IMF2 IMF3 IMF4 IMF5
Avg 3.792 2.170 3.704 9.991 71.858
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Table 1: Comparison of the hard threshold, soft threshold and improved threshold in terms of
their denoising effect

Methods SNR MSE
Hard threshold 16.3392 0.2199
Soft threshold 16.1060 0.2261

Improved threshold 16.7838 0.2087
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