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Abstract

:

The evaluation and fault diagnosis of a diesel engine’s health conditions without disassembly are very important for diesel engine safe operation. Currently, the research on fault diagnosis has focused on the time domain or frequency domain processing of vibration signals. However, early fault signals are mostly weak energy signals, and the fault information cannot be completely extracted by time domain and frequency domain analysis. Thus, in this article, a novel fault diagnosis method of diesel engine valve clearance using the improved variational mode decomposition (VMD) and bispectrum algorithm is proposed. First, the experimental study was designed to obtain fault vibration signals. The improved VMD method by choosing the optimal decomposition layers is applied to denoise vibration signals. Then the bispectrum analysis of the reconstructed signal after VMD decomposition is carried out. The results show that bispectrum image under different working conditions exhibits obviously different characteristics respectively. At last, the diagonal projection method proposed in this paper was used to process the bispectrum image, and the fourth order cumulant is calculated. The calculation results show that three states of the valve clearance are successfully distinguished.
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1. Introduction


Abnormal valve clearance is one of the most common faults in the valve mechanism of a diesel engine [1]. It can cause valve switch timing changes, affect the quality of air exchange in the cylinder, cause combustion deterioration, and affect the emission and economy of the diesel engine. It is of great significance for condition monitoring and fault diagnosis of diesel engine valve clearance. The vibration signal of diesel engine cylinder head contains much information about working state and fault characteristics. Extracting proper characteristic parameters from the vibration signal can effectively identify the working state and related faults of a diesel engine [2,3,4].



Due to the complex structure and vibration sources of diesel engine, the vibration signal of diesel engine contains much noise. In addition, in the early stage of the engine fault, the vibration characteristic energy which indicates the fault information is weak and cannot be extracted directly. Therefore, the vibration signals need to be further processed to identify the fault characteristics.



Traditional signal processing techniques used in mechanical fault diagnosis can be divided into two categories: time domain analysis and frequency domain analysis. Time domain analysis mainly includes probability analysis method, the time domain synchronous averaging method and the correlation function diagnosis method. Fault information is extracted by calculating the characteristic quantity of time domain signals, such as vibration amplitude, root mean square value, skewness, kurtosis, etc. Frequency domain analysis is mainly based on Fourier transform, including spectrum analysis, power spectrum analysis and envelope analysis etc.



Traditional signal processing technology is mature in theory and practical application. However, due to its own limitation, it is only suitable for analyzing stationary signals. When engine fault occurs, the fault information is usually very weak. The fault features contain a lot of nonstationary nonlinear information, which seriously affects the accuracy of fault feature extraction [5]. That means the fault information in vibration signals of diesel engine are not be completely reflected by time-domain waveform or frequency spectral examination.



In recent years, various signal processing algorithms have been used in fault diagnosis fields, such as wavelet transform (WT), wavelet packet transform (WPT), empirical mode decomposition (EMD), local mean decomposition (LMD) and variational mode decomposition (VMD) [6,7,8,9,10]. The WT and WPT methods were found to be more suitable for nonstationary signal analysis than the FFT as a result of its high time-frequency resolution. But both of them cannot extract nonlinear relationships within the signal clearly. The EMD algorithm is an effective method for analyzing nonsteady and nonlinear signals. Compared with wavelet transform, the EMD method can decompose the original signal into a series of intrinsic mode functions (IMF) adaptively according to the local time scale characteristics of the signal without selecting the wavelet base function. But EMD still has its drawbacks, such as the end effects, and the mode mixing problem. The EEMD method can improve the disadvantage of EMD [11], but the low computational efficiency of EEMD limits its application for online detection. VMD method is a new adaptive signal decomposition method proposed by Dragomiretskiy et al [12]. This method uses iterative search for the optimal solution of the variational model to determine the bandwidth and central frequency of each decompose component, so that the signal can be decomposed adaptively. Compared with the recursive filter mode of the EMD method, the essence of VMD is multiple adaptive Wiener filter groups, which shows more robustness [13,14,15].



Although showing a great advantage over other algorithms, the selection of decomposition layers K of VMD algorithm has no accepted method as of yet. In this paper, a decomposition layer selection method based on component center frequency fluctuation is proposed and applied to denoising the vibration signals of diesel engine. This method can make the frequency components of the decomposition results clearer, and the main components of the original signal are fully retained.



As the structure of a diesel engine is complex, all kinds of excitations are reflected in the vibration of the engine surface by the corresponding transfer and coupling, which makes the measured engine vibration signal very complex. At the same time, most of the abnormal signals at the beginning of the fault are weak energy signals, which are often submerged in the strong background noise. However, noise signals often have strong Gauss characteristics, but the fault information often has a non-Gauss characteristic [16]. Higher order spectra (HOS) analysis is a mathematical tool to describe the high order statistical characteristics of random variables. This theoretical approach shows great performance for extracting nonlinear, non-Gauss and nonstationary characteristics of signals. Bispectrum is the lowest and most widely used high-order spectrum method; it can suppress the Gauss component in the signal and analyze the phase coupling relationship between the frequency components of the signal. The bispectrum diagram can reflect the distribution form and intensity of non-Gauss component of vibration signal in dual-frequency domain. For the above factors, the bispectrum analysis is widely used in the field of mechanical fault diagnosis [17,18,19,20]. Usually, bispectrum image is sliced diagonally and analyzed to evaluate fault severity. However, diagonal slicing will lose much information of the bispectrum image. In this article, the diagonal projection processing method of bispectrum is proposed. This method can extract fault features precisely.



The improved VMD method can decompose a complex signal into several IMF components from high to low frequency and can avoid mode mixing. Therefore, the engine fault characteristics hidden in the vibration signals can be decomposed into a specific IMF component. The bispectrum analysis to the reconstructed signal after VMD decomposition can further acquire the nonlinear and non-Gauss characteristics of fault features. This paper presents a new approach on the basis of improved VMD and bispectrumis proposed for the fault diagnosis of diesel engine.




2. Methodology


2.1. VMD


2.1.1. The Theory of the VMD Algorithm


The function of the VMD algorithm is to decompose a signal f into several discrete modal components uk. For each modal component of uk, the central frequency is determined by the number of decomposition layers, and almost every modal component is close to the central frequency. That is, each modal has a specific sparsity and is able to reconstruct the original signal. The steps of VMD decomposition are shown as follows [12]:



First, the bandwidth of modal components uk needs to be estimated. For each modal component, the Hilbert transform is used to process the signal to obtain the single side spectrum:


Huk(t)=[δ(t)+jπt]∗uk(t)



(1)







In this equation, Huk(t) is the single side spectrum, δ(t) is the Dirac distribution, k is the number of modes, uk(t) denotes mode function and “*” is the convolution operation symbol. For the two functions f1(t) and f2(t), the convolution operation is defined as: s(t)=f1(t)∗f2(t)=∫−∞+∞f1(τ)f2(t−τ)dτ.



Then mixing the predicted center frequencies of the single-side spectrum, the analytic signal is obtained. The analytic signal of the modal function is as follows,




Auk(t)=[(δ(t)+jπt)∗uk(t)]e−jωkt



(2)





In this equation, Auk(t) is the analytic signal and ωk is the center frequency of each modal component.



After processing by Equation (2), the bandwidth can be obtained by the square of L2 norm, which is the Gauss smoothing of the demodulated signal. The constrained variational model is obtained as follows:


{min{uk},{ωk}{∑k‖∂t[(δ(t)+jπt)∗uk(t)]e−jωkt‖22}s.t∑kuk=f



(3)







In the above equation, {uk}={u1,⋯,uk} are the full modal components, {ωk}={ω1,⋯,ωk} are the central frequencies of modal components. ∑k=∑k=1k is the sum of all modes.



There are many ways to solve this problem. For VMD, the quadratic penalty term and Lagrange multiplier λ are added into the VMD algorithm to obtain the unconstrained equation. The quadratic penalty can guarantee the accuracy of signal reconstruction under the Gauss noise interference. Lagrange multipliers guarantee the strictness of constraint conditions. By the combination of these two methods, the quadratic penalty term has a good convergence property under the finite weight, so that the quadratic penalty term will not be infinite because of the absence of noise. Based on this method, the augmented Lagrangian formula can be obtained as follows:


L({uk},{ωk},λ)=α∑k‖∂t[(δ(t)+jπt)∗uk(t)]e−jωkt‖22+‖f(t)−∑kuk(t)‖22+⟨λ(t),f(t)−∑kuk(t)⟩



(4)







The minimum value in original Equation (3) now has been changed into a saddle point problem for the augmented Lagrangian formula (4). This problem can be solved by repeated local optimization of uk, ωk, and λ. The updated process is shown as follows:



First, initialize uk, ωk, λ, n as 0, then update uk as follows:


ukn+1=argminukL({ui<kn+1},{ui³kn},{ωin},λn)



(5)







By overwriting Equation (5), we can get the minimization equation as follows:


ukn+1=argminuk∈X{α‖∂t[(δ(t)+jπt)∗uk(t)]e−jωkt‖22+‖f(t)−∑iui(t)+λ(t)2‖22}



(6)







Then update ωk:


ωkn+1=argminωkL({uin+1},{ωi<kn+1},{ωi≥kn},λn)



(7)







And update λ:


λn+1(ω)=λn(ω)+τ(f−∑kukn+1)



(8)







Repeat the above steps until satisfied the iterative stop condition as follows:


λ⌢n+1(ω)=λ⌢n(ω)+τ(f⌢(ω)−∑ku⌢kn+1)



(9)







Then the cycle will stop, K modal components are obtained.




2.1.2. Verification of VMD Algorithm


In order to verify the superiority of the VMD method compared with the EMD method, two algorithms are used respectively to analyze an analog signal in this paper.



The analog signal is composed by four different components: 50 Hz sinusoidal signal, 100 Hz sinusoidal signal, impulse signal and noise signal (to make the noise more similar to actual signals, we selected non-Gaussian noise). The analog signal and its components are shown in Figure 1.



For the VMD algorithm, the number of decomposition layers was chosen as K = 5, according to the composition of the analog signal and the complexity of the noise signal. For EMD algorithm, the decomposition result is obtained automatically by convergence condition, and the final result of EMD decomposition is six layers. The results of VMD algorithm and EMD algorithm are shown in Figure 2.



From Figure 2a, it can be seen that VMD method can separate the 100 Hz sinusoidal signal, 50 Hz sinusoidal signal, and impulse signal from the original signal accurately. However, the EMD decomposition result shows obvious mode aliasing problem. The impulse signal and 100 Hz sinusoidal signal are all appeared in IMF1. The result shows that VMD algorithm has high accuracy.





2.2. Bispectrum


2.2.1. The Definition of Bispectrum


For the stationary vibration signal X(n), the bispectrum is defined as:


Bx(ω1,ω2)=1Nx(ω1)x(ω2)x∗(ω1+ω2)



(10)







From this equation, it can be found that the bispectrum has two frequency variables ω1, ω2, the bispectrum amplitude of X(n) at (ω1, ω2) is equal to the product of the spectrum amplitude at ω1, ω2 and (ω1 + ω2)/2. Bispectrum has amplitude information and phase information, which can describe signal nonlinearity and non-Gauss characteristics. When the mechanical system is broken or the state changes, the nonlinear characteristic of the system will change. The quadratic phase coupling is a common nonlinear phenomenon, which means two frequency components in the signal interact with each other, and the corresponding phase relationship is called the quadratic phase coupling. The quadratic phase coupling information can be extracted by using bispectrum to describe the quadratic phase coupling quantitatively.




2.2.2. Bispectrum Calculation


There are many different methods that can calculate the bispectrum. The direct calculation method has higher accuracy, and its algorithm steps are shown as follows [21]:



(1) The test data X = [x1,x2,…,xm] are divided into Y segments of observation data and each segment contains M data samples.



(2) The mean value is removed from the observed data of each segment.



(3) Add the windows and calculate the discrete Fourier variation coefficients for each segment of data.


xi(λ)=1M∑n=1Mxi(n)⋅exp(−j2πnγM)



(11)




where γ = 0,1,…,M/2, i = 1,2,…,Y.



(4) The bispectrum by of the y-th order record is computed as:


bi=xi(ω1)⋅xi(ω2)⋅xi(ω1+ω2)



(12)




where xi denotes the FFT of the y-th record.



(5) Finally, the average value of By is calculated as the result of bispectrum estimates.


By(ω1,ω2)=1Y∑i=1Ybi(ω1,ω2)



(13)








2.2.3. Bispectrum Slice


Because bispectrum is a two-dimensional function, it is difficult to extract and analyze the image features compared with one-dimensional curve. In practical application, the signal feature is usually analyzed by bispectrum one-dimensional slice. The bispectrum one-dimensional slice is defined as one-dimensional Fourier transform of cumulant slice. For bispectrum Bx(ω1, ω2), fix any independent variables ω1 or ω2, the calculation result Bx(ω1, ω2) is one dimensional slice. When ω1 = ω2, the bispectrum diagonal slice can be obtained.






3. Engine Test Program and Experimental Data Acquisition


In this test, a six-cylinder inline diesel engine was used to generate the vibration signals. When the diesel engine is running, the pressure generated by the cylinder gas combustion and the impact of the inlet and exhaust valve movement act directly on the cylinder head and cause the cylinder head to vibrate. Therefore, the vibration signal of cylinder head contains abundant information, which is helpful for fault diagnosis. Three acceleration sensors were mounted on the cylinder head of cylinder 1- cylinder 3. The engine test condition was 2100 rpm—100% load. The vibration acceleration signals analyzed in this paper were collected by the acceleration sensor on cylinder 1. The data sampling frequency was 25,600 Hz. The fault parameters of the conditions are shown in Table 1. The test engine and the location of acceleration sensors are shown in Figure 3a, and the Dynamometer and LMS Scada III test system are shown in Figure 3b.




4. Results


4.1. Signal Denoising by Improved VMD


The change of valve clearance will directly result in the change of intake and exhaust valve mechanism and intake and exhaust state. The change of engine mechanical system will influence the characteristics of whole diesel engine. Thus, the vibration response will change. The valve clearance states can be categorized into three groups: the big valve clearance condition, normal valve clearance condition and small valve clearance condition. In order to further analyze the frequency components of cylinder head vibration signals under different valve clearance states, the power spectral density (PSD) analysis of the vibration signals under three working conditions was carried out.



Figure 4a, Figure 5a and Figure 6a show the vibration curves under a big valve clearance condition, normal valve clearance condition and small valve clearance condition, respectively. PSD explains energy distribution of signal in the frequency domain. Figure 4b, Figure 5b and Figure 6b show the results of the vibration signal PSD estimations for big valve clearance condition, normal valve clearance condition and small valve clearance condition.



From Figure 4a, Figure 5a and Figure 6a, it can be found that the vibration signal of cylinder head under different valve clearance states are composed of a series of shock response signals according to certain time series. Though the time domain waveform of cylinder head vibration signals under different valve clearance states are different, we can’t find the variation rule of vibration signal in different valve clearance states directly from time domain waveform. And from Figure 4b, Figure 5b and Figure 6b, we can find that in all three valve-clearance states, the cylinder head vibration signals have peak values on both 2k Hz and 6k Hz. However, there are many noise components in the frequency domain, and the peak value of each frequency band is not prominent. So, the vibration signals need to be further processed.



Firstly, the vibration signals are decomposed by the VMD method. There are generally two methods for determining the number of decomposition layers in VMD algorithm. The first method is to select the best decomposition result by comparing the decomposition results under different decomposition layers. The second method is to determine the appropriate decomposition layers in advance through a certain prior knowledge. The second method is more efficient in practical calculation. If the appropriate decomposition layer is determined according to the prior knowledge, the higher accuracy can also be obtained. So, in this paper, the second method to determine the decomposition layer is used. According to the introduction of VMD algorithm above, the VMD algorithm is closely related to the central frequency of the component in the decomposition process. The frequency of the decomposition result is single or not is also an important index to evaluate the validity of the decomposition algorithm. Therefore, a decomposition layer selection method based on component central frequency fluctuation is proposed in this paper.



In order to determine the optimal number of decomposition layers, 80 segments of each signal are selected for analysis under three conditions: normal valve clearance, big valve clearance, and small valve clearance. In the analysis process, the 240-segment signal was decomposed into 5/6/7/8 layers by the VMD algorithm, respectively. According to previous experiments, the optimum decomposition level of engine vibration signal is generally within this range. After the decomposition, the central frequency of each order component under different decomposition layers is calculated. Then the fourth-order cumulant of central frequency of each order component was calculated to indicate the extent of its fluctuations (the fourth-order cumulant will increase with the enhancement of the signals’ non-Gauss property, so it can be used to characterize the fluctuation of the signal). The results are shown in Figure 7.



As can be seen from the above figures, the fluctuation of the whole states is the gentlest when K = 5 and K = 6. To further prove this point, the fourth-order cumulant of the central frequency of each order component at different K levels in Figure 7a–d above is calculated. The results are shown in Table 2 below:



As is shown in Table 2, the fluctuation of central frequency is the smallest when the decomposition layer K = 6, so it can be concluded that K = 6 is the best number of decomposition layers suitable for the current vibration signal decomposition. In particular, it can be seen from Figure 7a–d that, regardless of the value of K, the central frequency of the last order component in the decomposition results fluctuates greatly because the central frequency of last order component is near 10 kHz. It is generally believed that the vibration is very complicated due to the large number of vibration sources near this frequency, but comprehensive observation does not affect that K = 6 is the best number of decomposition layers.



After determining the optimal number of VMD decomposition layers for the vibration signal of diesel engine, the VMD algorithm was used to process the original vibration signal. The specific process is to decompose and reconstruct a segment of signal using the VMD algorithm. After decomposing, the VMD results are reconstructed to a new signal for further processing. The reconstructed signals of the three conditions shown in Figure 4, Figure 5 and Figure 6 are shown in Figure 8a, Figure 9a and Figure 10a; the frequency domain curves are shown in Figure 8b, Figure 9b and Figure 10b. For comparison, the frequency domain curve of the original vibration signal is shown in Figure 8c, Figure 9c and Figure 10c. To verify the effectiveness of the improved method, a commonly used denoising method, the wavelet denoising method was used to analyze the vibration signals show in Figure 4a, Figure 5a and Figure 6a. Daubechies (db) wavelet is a type of wavelet function commonly employed in the field of fault diagnosis and signal processing [21], therefore, the db5 wavelet was used to denoise the vibration signal. After wavelet denoising, the PSD estimation was used to explain energy distribution of denoised signal in the frequency domain, the PSD results are shown in Figure 8c, Figure 9c and Figure 10c.



As can be seen from Figure 8, Figure 9 and Figure 10, compared to the frequency curve of original signal, the frequency components of the reconstructed signals are very clear, the noise components are minimal, and the information in each frequency band of original signals are preserved to the maximum extent. In contrast, as is shown Figure 8d, Figure 9d and Figure 10d, the wavelet denoising method can also achieve good denoising effect. But from the frequency waveforms, it can be found that the wavelet denoising method mainly retains the obvious peak values of 2 kHz and 6 kHz in the original signal, while the peak values of other frequency bands are basically removed. That may cause the denoised signal to lose part of fault information. To better illustrate this problem, the average energy EAverage is defined by the following equation:


EAverage=∑i=1Nx(i)2N



(14)







In this equation, x(i) is the i-th data point of the signal, N is the number of data sampling points in the signal, the calculation results of these three conditions of original signals, VMD reconstructed signals and wavelet denoising signals are shown in Table 3.



As shown above, after wavelet denoising, the average energy of all three conditions decreases greatly. But under big valve clearance and small valve clearance condition, the average energy of the wavelet-denoising signal is reduced by more than 74%. It means that some information in the original signal could be lost after wavelet-denoising shown in Figure 8d, Figure 9d and Figure 10d. Comparatively, the results of VMD shown in Figure 8b, Figure 9b and Figure 10b retain more information. Such as the peak values of many frequency bands in reconstructed signals after VMD denoising is consistent with the original signals, but basically removed after wavelet denoising. Thus, it can be concluded that to engine fault detection, the improved VMD denoising method is better than wavelet denoising method.




4.2. Fault Feature Extraction by Improved Bispectrum


In order to further analyze the characteristics of valve clearance in different states, the bispectrum analysis of reconstructed signal was carried out. The results are shown in Figure 11, Figure 12 and Figure 13. Figure 11a, Figure 12a and Figure 13a are three-dimensional bispectrum diagrams, and Figure 11b, Figure 12b and Figure 13b are bispectrum contour diagrams. From the results, we can find that the bispectrum amplitude is not zero, and the peak value appears at some frequencies, which indicates that the cylinder head vibration signal is non-Gauss signal, and the phenomenon of quadratic phase coupling exists. The second phase coupling phenomenon is the most common nonlinear phenomenon. So, the vibration signal is also a nonlinear signal. From the figures it can be found that the peak value of bispectrum image is gradually increasing from the smaller valve clearance to the bigger valve clearance, which indicates that the nonlinear characteristics of cylinder head vibration signals change with the valve clearance changes. The nonlinearity of cylinder head system increases with the increase of valve clearance (due to wear and deformation of the working parts).



After bispectrum analysis, to further calculate the fault degree by quantization, we need to slice the bispectrum graph diagonally (the angle shown by the red line in the Figure 13b), and analyze it by using the two-dimensional slice data. The two-dimensional slice results are shown in Figure 14.



Comparing Figure 14 with Figure 11, Figure 12 and Figure 13, we can find that the diagonal slice method does lead to loss of information. However, the characteristic components should be maintained as far as possible when extracting features from engine vibration signals. So, the diagonal projection method is proposed in this paper, processing the signals with bispectrum to obtain the result as per Figure 11, Figure 12 and Figure 13 preliminarily, then projecting one side of this result on the diagonal line (the red line). All of the subsequent processes will be analyzed based on the diagonal projection. There are two points that should be explained in particular. One is that the result of bispectrum is symmetric and the side selection has no effect on subsequent process. In this paper, the right side was selected. The other one is that the diagonal projection means take the maximum values of every line which is perpendicular to the diagonal projection line instead of taking the sum. The results of diagonal projection are shown as follows:



As shown in Figure 15, compared with Figure 14, diagonal projection maintains more information.



To verify the superiority of this method, 80 segments of cylinder head vibration signals of small valve clearance, normal working conditions, and big valve clearance, respectively, obtained from the test engine as mentioned above were used. Firstly, signals are denoised by VMD. Secondly, the bispectrum is used to analyze those signals preliminarily. Thirdly, the diagonal slice and diagonal projection methods are employed to process bispectrum results, respectively. Finally, the fourth-order cumulants of diagonal slice and diagonal projection are used as an index to detect faults. In order to observe the general recognition performance, all of the 80 sets of signals are processed by mean. The results are shown in Figure 16.



For further comparison, the data normalization is shown in Table 4.



As shown above, the diagonal slice method can recognize small valve clearance easily, but can hardly recognize big valve clearance from normal working conditions. For the diagonal projection method, these three working conditions can be clearly recognized. The normalization results also show that the discrimination of the diagonal projection method is better.





5. Summary and Outlook


This paper presented a new fault diagnosis method for diesel engines based on improved VMD, bispectrum and fourth-order cumulant that employs a cylinder head vibration signal. The research results indicate that the valve clearance fault characteristics can be extracted from the vibration signals clearly.



(1) For the decomposition level selection of VMD, a method based on fluctuation degree of every component’s frequency is proposed in this paper. The results show that using this method the denoising effect is very good. The noise component in the improved reconstructed signal is very small, and the main components of the original signal are preserved in the maximum extent.



(2) For information loss of the bispectrum diagonal slice, a diagonal projection method is proposed in this paper. The analysis results of VMD reconstructed signal show that the diagonal projection method can maintain more information of originals.



(3) Finally, the fourth-order cumulants of diagonal projection are used as an index to detect faults. The results show that three valve states working conditions can be recognized clearly.



However, there are some problems to be solved in following work:



(1) In all of the VMD results, the last component frequency of has a great degree of fluctuation, which is caused by complex vibration source at that frequency. However, it is necessary to optimize VMD in order to get low fluctuation degree in every component.



(2) As shown in Figure 16, in the diagonal slice method, the fourth-order cumulant of normal working conditions is maximum and followed by big valve clearance and small valve clearance. However, the maximum fourth-order cumulant in diagonal projection method is the big valve clearance condition and followed by the small valve clearance and normal working conditions. More information in the diagonal projection method is thought to be the main reason, but the exact component is unclear and needs further study.



(3) In this article, the proposed method is used in the valve clearance fault diagnosis of a diesel engine. In the future, we will continue carrying out experiments and calculations on other types of diesel engine faults. After that, we will improve upon the proposed method to extend this approach to fault diagnosis for other machinery.
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Figure 1. The analog signal. 






Figure 1. The analog signal.
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Figure 2. Analog signal decomposition results: (a) VMD decomposition result; (b) EMD decomposition result. 
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Figure 3. Experimental setup. (a) Test engine and the location of acceleration sensors; (b) Dynamometer and LMS Scada III test system. 
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Figure 4. Valve clearance small condition: (a) Time waveforms of vibration signals; (b) vibration PSD result. 
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Figure 5. Valve clearance normal condition: (a) Time waveforms of vibration signals; (b) Vibration PSD result. 
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Figure 6. Valve clearance big condition: (a) Time waveforms of vibration signals; (b) Vibration PSD result. 
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Figure 7. Fourth-order cumulant of central frequency of each order component: (a) decomposition layer K = 5; (b) decomposition layer K = 6; (c) decomposition layer K = 7; (d) decomposition layer K = 8. 
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Figure 8. Signals of valve clearance small condition: (a) Time waveforms of reconstructed signals; (b) Frequency waveforms of reconstructed signals; (c) Frequency waveforms of original signals. (d) Frequency waveforms of wavelet-denoising signals. 
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Figure 9. Signals of valve clearance normal condition: (a) Time waveforms of reconstructed signals; (b) Frequency waveforms of reconstructed signals; (c) Frequency waveforms of original signals. (d) Frequency waveforms of wavelet-denoising signals. 
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Figure 10. Signals of valve clearance big condition: (a) Time waveforms of reconstructed signals; (b) Frequency waveforms of reconstructed signals; (c) Frequency waveforms of original signals. (d) Frequency waveforms of wavelet-denoising signals. 
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Figure 11. The bispectrum results of small valve clearance working condition: (a) The 3-dimensional graph; (b) The contour map. 
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Figure 12. The bispectrum results of normal working condition: (a) The 3-dimensional graph; (b) The contour map. 
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Figure 13. The bispectrum results of big valve clearance working condition: (a) The 3-dimensional graph; (b) The contour map. 
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Figure 14. The results of diagonal slice. (a) The small valve clearance. (b) The normal working condition. (c) The big valve clearance. 
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Figure 15. The results of diagonal projection. (a) The small valve clearance. (b) The normal working condition. (c) The big valve clearance. 
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Figure 16. The calculation results of fourth-order cumulants. (a) The diagonal slice method. (b) The diagonal projection method. 
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Table 1. Diesel engine valve clearance fault conditions.
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	Condition
	Intake Valve Clearance (mm)
	Exhaust Valve Clearance (mm)





	Clearance small
	0.25
	0.45



	Clearance normal
	0.3
	0.5



	Clearance big
	0.35
	0.55
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Table 2. The fourth-order cumulant result under different decomposition layer K.
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	Decomposition Layer K
	5
	6
	7
	8





	Fourth-order cumulant
	6.75 × 109
	5.52 × 109
	1.36 × 1010
	−5.9 × 1010
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Table 3. The results of EAverage.
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	Working Condition
	Original Signal
	VMD Reconstructed
	Wavelet Denoising





	Normal working condition
	109.77
	69.64
	43.55



	Big valve clearance
	80.73
	50.93
	20.33



	Small valve clearance
	91.39
	57.96
	18.03
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Table 4. The results of normalization.






Table 4. The results of normalization.





	Working Condition
	Diagonal Section
	Diagonal Projection





	Normal working condition
	1.00
	0.00



	Big valve clearance
	0.90
	1.00



	Small valve clearance
	0.00
	0.29











© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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