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Abstract

:

The turn domain resampling (TDR) method is proposed in the paper on the basis of the existing angle domain resampling for solving the problem of non-fixed fault frequency under variable working conditions. TDR can select the appropriate sampling order according to the influence of frequency conversion, which avoided the error caused by the spline interpolation method. It can provide accurate parameters for the subsequent calculation of the equivalent frequency order. Variable multi-scale morphological filtering (VMSMF) method is proposed for the purpose of further reducing the interference of noise in resampling signal to feature extraction. VMSMF adaptively selects structural elements according to the parameter change of impact signal to make its scale more targeted. It only needs to calculate once using the optimal structural unit for a particular impact, and the filtering accuracy and operating efficiency have been greatly improved. The main steps of this article are as follows. First, the TDR is used to resample the original signal as to get the resampling signal which is still submerged by the strong noise. In the second step, VMSMF is used to filter the resampling signal to obtain the signal with less noise interference. Finally, the fault characteristics of the filtering signal was extracted and compared with the possible fault frequency calculated by the sampling parameters provided by resampling, so as to determine the fault type of the planetary gearbox. By analyzing the simulation signal and the experimental signal respectively, this method can find out the corresponding fault characteristics effectively.
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1. Introduction


Planetary gear transmission is widely used in many mechanical transmission systems, including simple machinery and complex equipment, from micro-electromechanical Systems (MEMS) to marine engineering equipment [1,2,3]. Their working states are almost ubiquitous, but they are different. Due to the harsh working environment and complex structure of the planetary gear system, faults such as gear tooth crack and spalling have often occurred in the operation process, and the faults caused the system to shut down. Thus, it is of great significance to study the fault diagnosis of gear damage in planetary gear system.



For the planetary gearbox running at a constant speed, the input or output speed of the gearbox will fluctuate due to the influence of external load and other factors; for some specific working conditions, the required speed must be changed according to the predetermined setting. In view of the above conditions, the feature frequency extracted by traditional signal fault feature extraction method will produce serious frequency ambiguity, which is difficult to effectively judge the fault. This leads to the limitations of traditional methods when dealing with signals of variable conditions. So, it is very important to put forward a method to avoid the effect of speed change on the processing result. Considering that the planetary gearbox is a rotating device, if the sampling interval can be used as a specific rotation angle, the signal collected is steady-state signal relative to the rotation field no matter how the speed of the planetary gearbox changes. Based on this theory, angle domain resampling technology emerged as the times require, and this method can effectively avoid the phenomenon of “frequency ambiguity”. Fyfe K.R. et al. [4] proposed the hardware order tracking technology to synchronize the signal sampling frequency with the rotation speed to ensure the same number of sampling points in each rotation period. However, this scheme is all realized by hardware, which is not applicable to sites where it is difficult to install field equipment. Moreover, the sampling accuracy is significantly decrease when the rotation speed changes frequently [5]. In 1989, Potter et al. [6] developed a resampling method which called computed order tracking (COT). Bossley K.M. et al. [7] researched a spline interpolation algorithm to obtain the equal-angle sampling sequence of the Angle domain. In 2002, Guo and Qin et al. [8] of Chongqing University proposed an order tracking technology based on instantaneous frequency estimation. In 2005, Bonnardot et al. [9] of the University of Lyon in France proposed a method of order tracking based on narrow band demodulation. In 2007, Combet et al. [10] of Cranfield University researched a method for automatic selection of meshing frequency harmonics. In 2011, Wang et al. [11] from the University of Pretoria, South Africa proposed tacholess order tracking (TLOT) strategy based on EMD. In 2012, Randall et al. [12] from the University of South Wales, Australia, extracted the phase information of the converter harmonics step by step through the iterative method to realize TLOT. In 2013, Zhao et al. [13] proposed a TLOT method based on Vold–Kalman filtering. In 2017, Feng et al. [14] applied Vold–Kalman filter to wind driven generator gearbox fault diagnosis research. In 2019, li et al. [15] from Northwestern Polytechnical University proposed a wind driven generator fault diagnosis method based on Vold–Kalman filtering and multi-scale sample entropy.



The maximum sampling order was mostly selected based on empirical selection in most of the existing studies. As a result, the resampled signal may have had redundant or missed fault characteristics. The sampling points and the sampling frequency of resampling signal are different from the original time-domain signal, but the traditional method did not give the relevant parameters of the resampling signal, there are some limitations in the subsequent calculation process. The traditional order tracking method adopts spline interpolation in the reconstruction of the angular domain signal, the spline interpolation algorithm assumes that the rotation speed in a certain interval is constant rotation speed, which will cause a certain error to the resampled signal. The TDR method proposed in this paper accurately calculates the corresponding value of each point that needs to be sampled. Rotation speed and angular displacement effectively reduce the reconstruction error caused by spline interpolation. In view of the above problems, this paper improved the existing COT method, and thus can better solve the above problems.



During the movement of the planetary gear system, the sun gear, planetary gear and planet carrier generally move together, the ring gear is stationary, and the sensor is installed on the box when the signal is collected. The meshing point of solar wheel-planetary wheel and planetary wheel-gear ring changes periodically with the relative position of sensor, the transmission path of meshing signal to sensor is complex; the planetary gear train simultaneously meshes multiple pairs of gears simultaneously, so the collected signals are mostly modulation signals. For the complex fault signal of planetary gear system, especially the early weak fault, it is easy to be submerged by the strong noise, so the early-stage vibration signal needs to be denoised to highlight the fault characteristics. Morphological filtering (MF) is a nonlinear filtering method which can keep the main morphological characteristics. This method is simple, reliable, and effective, and has been widely used in vibration signal analysis and processed of rotating equipment. Scholars at home and abroad have carried out a series of researches on filter scale and structural element selection, and they have obtained certain results. In 2003, Athenian scholar Nikolaou et al. [16] set the length of structural elements as 0.6~0.7 times of the ratio of sensor sampling frequency to fault characteristic frequency. In 2008, Zhang et al. [17] used triangular SE multi-scale morphological analysis to extract the characteristics of impulse signals from signals with strong background noise. Song et al. [18] proposed the combination of the trivalent logic inference theory with the possibility and fuzzy theories. Cui et al. [19] proposed a new concatenated dictionary matching tracking method combining impact dictionary and step dictionary. In 2011, Dong et al. [20] took the maximum signal-to-noise ratio (SNR) as an indicator of the selection scale. The single-scale MF is selected in the above study, which has an obvious effect when dealing with a single vibration signal, but its effect is greatly reduced when dealing with a complex vibration signal. In 2017, Zuo et al. [21] used diagonal slice spectra to assist multi-scale morphological filter (MSMF) to analyze bearing fault signals. In 2018, Li et al. [22] selected hamming window as the structural element and took the arithmetic average of filtering results of all scales as the final filtering output. In 2019, Luo et al. [23] proposed an adaptive multi-scale enhanced combined gradient morphological filtering method and applied to bearing noise signal with good results. This method only provided a variety of operation combinations in the mathematical morphology algorithm, and the traditional method is still used in the selection of structural elements. In 2019, Cui et al. [24] proposed a multi-scale morphological filtering method for bearing signals.



MSMF is better than single-scale morphological filter in feature extraction of complex vibration signals. However, the selection of element scale of MSMF structure is based on the characteristics of multi-group characteristic impulse signals, which results in the amplification of part of the signal shock and the weakening of part of the signal shock during the filtering. This processing method leads to the distortion of the filtered signal. In addition, when MSMF is selected, there has a problem of repeatedly calling scales in the calculation of multiple scales, which results in a large amount of calculation and affects the calculation efficiency. In view of the above problems, the variable multi-scale morphological filtering (VMSMF) method is proposed in this paper. Chebyshev window is selected as the structural element in this paper, and the scale of structural elements is determined according to the peak-to-peak value of signal characteristics. For specific data signals, only the optimal scale of structural elements is selected for calculation according to their own judgment, which improves the calculation efficiency. VMSMF has greatly improved the noise reduction effect and computational efficiency of planetary gearbox fault signal.



The proposed method based on the turn domain resampling (TDR) and VMSMF can effectively reconstruct the unsteady signal and de noise the fault signal with strong noise, so as to obtain the fault characteristics reflecting the fault characteristics. Firstly, the paper used the TDR to reconstruct the filter signal. Secondly, the extremum points of the original signal were found, accorded their types to determine the analysis method, and the Chebyshev structural element scale libraries of different scales according to the signal characteristics were designed. Thirdly, the paper selected appropriate structural element scales in the structural element scale library according to different impact characteristics, and we used morphological open-close and closed-open average combination filters to process the original signals. Finally, we calculated the fault characteristics of the filter signal to determine the existence of fault.



Other parts of this paper are organized as follows. In the second part, the basic theory of TDR and VMSMF is introduced. The third part carries on the verification analysis of the gear simulation signal. The fourth part analyzes the signals of different fault types of gear. The fifth part expounds the conclusion of this paper.




2. Theoretical Introduction


2.1. Turn Domain Resampling Technique


The order tracking algorithm is a technology developed in recent years. The main purpose of the method is to transform the equal time interval signal into the equal angle interval signal by re-picking the time-domain signal. The traditional COT method adopted the spline interpolation algorithm and generally set the maximum sampling order according to the empirical value [25,26]. If the maximum sampling order was not selected properly, the resampling signal may be distorted or repeatedly sampled. Moreover, the COT method is also limited to some extent when extracting and reconstructing the signals of certain order components for subsequent analysis and processing. In view of the above problems, this paper proposed a turn domain resampling method based on signal characteristics and speed characteristics changes. Its main working principles and steps are as follows.



Firstly, the optimal sampling order is determined. The optimal sampling order is to ensure the integrity of the characteristic information of the resampling signal.



(1) The sampling order must satisfy the lowest sampling order. According to the Shannon sampling theorem, the lowest sampling order must be no less than two times the highest order.


    F s min   n s max   ≥ o r d e r min ≥ 2 * o r d e r max  



(1)




where   o r d e r min  —lowest sampling order;   o r d e r max  —maximum order of resampling signal;   F s min  —minimum sampling frequency of time domain signal;   n s max  —maximum speed of input shaft.



To ensure the integrity of the sampled signal, the original time domain signal sampling frequency should not be less than the minimum sampling frequency. Thence, in order to ensure that the resampling signal contains complete fault characteristic information, a higher sampling frequency should be selected when obtaining the original time domain signal.



(2) In order to ensure that the sampling points was not repeated and there were no empty points, it was necessary to set the optimal sampling order of resampling, that is, the number of sampling points per revolution of the input axis. As shown in Figure 1, it showed the influence of the selection of inappropriate sampling order on the sampling effect, the red circle represents the points that do actually exist after resampling, while the green circle represents the points that do not actually exist after resampling. Figure 1a showed the condition that the sampling order was too low, some points of resampling signal were missed, so the signal characteristics cannot be accurately described. Figure 1b shows the situation of an excessively high sampling order, and according to the principle of related sampling, the repeated sampling did not only waste the subsequent computing efficiency, but also affected the performance of signal feature description.



To select the optimal sampling order, it is necessary to know the frequency variation function of the original signal in advance, and derive the value of the optimal sampling order according to the frequency conversion function. Suppose the function of the input shaft speed of the gearbox with time is:


  r ( t ) = a + 2 π * b sin ( c t )  



(2)




where  a —the initial velocity of the input axis;  b ,  c —related parameters of speed change.



The optimal sampling order is set as function (3):


  o r d e r o p t  = Fs  / ( n s max / 60 )  



(3)







Secondly, the paper set the total number of sampling points. In the light of angular displacement of the input axis and the optimal sampling frequency to obtain the sampling points.



The angular displacement of the input axis is calculated by integrating the input axis rotation function. In the actual situation, the conversion curve often changes irregularly, so it is difficult to fit the corresponding conversion curve function equation. Without loss of generality, in this paper, the conversion curve is equivalent to the superposition of multi-segment functions, and the integral solution was carried out for each segment function. All the calculated angular displacements are accumulated to obtain the total angular displacements of the input axis.



Finally, we formulated the sampling rules. This paper adopted the nearest point principle to reconstruct the vibration signal at the relevant sampling time in the original signal but abandoned the original spline interpolation method. Last, the angular domain resampling signal is obtained. As shown in Figure 2, the resampling signal location is mainly divided into two cases. In Figure 2a, the location of resampling signal coincides with the original signal, and the original signal is selected as the resampling signal point. In Figure 2b, the resampling position is between two adjacent original signal points, the distance between the resampling signal and the two original signal points is L1 and L2, respectively. The selection method is shown in function 4.


   {      L 1 ≤ L 2        s e l e c t        p o i n t A               L 1 > L 2        s e l e c t        p o i n t B                



(4)








2.2. Structural Elements and Morphological Algorithms


2.2.1. Structural Elements


The selection of structural elements depended on the morphological characteristics of the original signal. The two key elements of structural elements are length and height. Linear and triangular structural elements are widely used in vibration signal processing of rotating equipment. The height of linear structural elements is zero, and only its length changed. The length and height of triangular structure elements will vary with the size, and the analysis effect is better than that of linear structure. However, the length of triangular structure elements can only be odd, which is discontinuous in the length direction and cannot be matched accurately. The essence of linear and triangular structural elements is rectangular and triangular Windows. There are two main indexes to evaluate a window function as structural element: (1) The width of the main lobe should be as small as possible; (2) the side lobe height as low as possible. The side lobe of rectangular window and triangular window are larger than others, so there are certain defects. In this paper, several common window functions were compared to find the optimal window function as the structural element. Common window functions include rectangular window, triangle window, Hanning window, Hamming window, Blackman window, Chebyshev window, Tukey window, etc. MATLAB software was used to draw the time-domain waveform and FFT spectrum diagram of the above window function, as shown in Figure 3. Figure 3a is the time domain waveform of each window function, and Figure 3b is its FFT spectrum diagram.



The main lobe width is defined as the distance from zero to the first intersection of the spectral response curve in the spectrum diagram. As can be seen from Figure 3, the main lobe width of Chebyshev window function is the smallest, and the height of the side lobe is the shortest, which is most consistent with the condition of being a structural element.



In order to further verify the superiority of this structural element, different window functions were selected as structural elements of morphological filtering to filter the signals. The correlation coefficients of filtering signals and original signals were calculated for different groups of data, as shown in Table 1.



Table 1 was the coefficient of association between the original signal and the filtered signal. Different window functions are used as structural elements of MF to filter the original signal. According to the data in Table 1 and Figure 4, the corresponding correlation of Chebyshev window was the largest and the most stable. This also confirms the correctness of the selection criteria of MF structural elements, so the Chebyshev window function was chosen as the structural element in this paper.



Chebyshev window structural elements (CSE) are expressed as:


  ω ( n ) =   ( − 1 )  n    cos [ ( N − 1 ) a r csch [ β cos ( π  n  N − 1   ) ] ]   cosh [ ( N − 1 ) a r csch ( β ) ]   0 ≤ n ≤ N − 1  



(5)




where α and β in the equation are as follows:


  β = cosh [  1  N − 1   a r csch (   10  α  ) ]  



(6)






  a r csch ( β ) = log ( 1 + s q r t   ( 1 − β )  ∧  2 / β )  



(7)




where N is the length of CSE, α determine the attenuation degree of the side lobe, according to the literature review,   α   =   4  . In order to make the set morphology of structural elements and the original signal more uniform, this paper calculates the coefficient ai according to the peak and trough value of each impact of the original signal in actual operation, so as to make the filtering result more accurate. The following table shows the structural elements of each scale.



In Table 2, n represents the scale size. According to experience, the size of the single impact scale is generally not greater than 30. In this paper, the maximum scale was selected as 50, and a scale library of n = 50 is established for call.




2.2.2. Mathematical Morphology


Mathematical morphology characterizes and analyzes signals from a geometric perspective [27,28]. The biggest advantage lies of mathematical morphology in its direct relationship with geometry, and this explicit geometric description gives it a unique advantage in the representation of vibration signals. Expansion and corrosion are two basic transformations in mathematical morphology. Suppose the original signal is   f  ( n )   (  n = 1 , 2 … , N  )   , and the structural elements are   g  ( m )   (  m = 1 , 2 , 3 , … , M  )  , N ≫ M  . Expansion is the process of merging all background points in contact with an object into that object, corrosion is the process of eliminating all boundary points of an object which resulting in the remaining object being one pixel smaller than the area of the original object along its periphery. The expansion and corrosion of   f  ( n )    with respect to   g  ( m )    were defined as in [16].


  ( f ⊕ g ) ( n ) =   max   m ∈ G   { f ( n − m ) + g ( m ) }  



(8)






  ( f Θ g ) ( n ) =   min   m ∈ G   { f ( n + m ) − g ( m ) }  



(9)




where,  ⊕  and  Θ  represent the expansion and corrosion, respectively.



The open and closed operations of   f  ( n )    on   g  ( m )    were expressed as:


  f ∘ g ( n ) = f Θ g ⊕ g ( n )  



(10)






  f · g ( n ) = f ⊕ g Θ g ( n )  



(11)




where  ∘  and  ·  represent the open and closed operations, respectively.



In general, the cascade of open and closed operations was mainly used to remove both positive and negative noises in the signal. Maragos defines morphological open-close and closed-open filters.


  o c ( f ( n ) ) = ( f ∘ g · g ) ( n )  



(12)






  c o ( f ( n ) ) = ( f · g ∘ g ) ( n )  



(13)




where oc and co represent open and closed operations, respectively.



In order to suppress statistical bias, morphological open-close and closed-open mean combination filters were used in this paper.


  y ( n ) = [ c o ( f ( n ) ) + o c ( f ( n ) ) ] / 2  



(14)









2.3. Variable Multi-Scale Morphological Filtering (VMSMF)


In the traditional MSMF, when the original signal was filtered by various scales, each shock was calculated in accordance with each scale, which reduces the calculation efficiency. In addition, the scale of structural elements cannot adapt to all shocks during the calculation, thereby reducing the filtering accuracy. To solve the above problems, variable multi-scale morphological filtering (VMSMF) method is proposed in this paper. The method aimed at a specific shock of the original signal only need to calculate once, and for different shocks in the signal, the corresponding structural element scale is selected. The specific steps are as follows:



(1) Establishing a CSE scale library with a maximum scale of 50 for subsequent calls.



(2) Finding all the maxima and minima of the original signal, the number of extreme points is denoted as Nm and Ni, respectively. Calculating the number of discrete points between adjacent minima.



(3) The two ends of the original signal are cut off according to the distribution characteristics of the maximum and minimum points. The distribution characteristics between the maximum and minimum points can be divided into four types, as shown in Figure 5.



	①

	
Ni − Nm = 1, to analyze from the first impact to the end of the last impact;




	②

	
Ni − Nm = −1, discard the head and tail impact and analyze the middle part;




	③

	
Ni = Nm& the minimum occurs first, discard the last shock signal and analyze the rest;




	④

	
Ni = Nm& the maximum occurs first, discard the first shock signal and analyze the rest.







(4) For the KTH impact of the original signal, the number of discrete points between the two minimum points corresponding to the impact signal is selected as the length of CSE, as shown in Figure 6.



(5) The peak-to-peak value between the maximum value and the minimum value of the impulse signal is taken as the height coefficient ai of CSE, and the arithmetic mean value of the amplitude of the two minimum points of the impulse signal is taken as the minimum value.



(6) In the light of the characteristic parameters of shock signals calculated in steps 4 and 5, selected appropriate structural elements and filtered the shock signal.



(7) Repeat steps 4–6 until all shock signals analysis is completed, and finally integrate the filtering signals of all shock signals to obtain the MF signals of the original signals. Herein, it should be noted that the minimum points are calculated once for each of the two adjacent shock signals, respectively. In order to make the signals more accurate, this paper mean value of the two values is calculated as the filter value of this point.





3. Simulation Signal Analysis


So as to verify the effectiveness of the proposed method, the simulation signals with white gauss noise is analyzed in this paper. Equation (15) is the simulation signal equation. The simulation equation simulated the sun wheel fault. It mainly consisted of planet carrier amplitude modulation of rotation, sun wheel amplitude modulation of rotation, sun wheel fault amplitude modulation, sun wheel fault frequency modulation and noise signal. The sampling frequency of the simulation equation was 10,000 Hz, the sampling time was 5 s, and the maximum speed of the input shaft was 1200 r/min. The main parameters of each gear in the specific analog gearbox were shown in Table 3.


    f ( t ) =    ( 1 − cos ( 2 π  f c  t ) )  ︸   P l a n e t a r y   r o t a t i o n   a m p l i t u d e   m o d u l a t i o n   *    ( 1 − c o s  (  w t . * f  s  ( r )   . * t  )  )  ︸   s u n   w h e e l   r o t a t e s   a m p l i t u d e   m o d u l a t i o n   *    ( 1 + A t . * c o s  (  w t * f s . * t + a 1  )  )  ︸   S u n   w h e e l   f a u l t   a m p l i t u d e   m o d u l a t i o n       *    ( c o s  (  w t . * f m . * t + B t . * s i n  (  w t . * f s . * t + a 2  )  + a 3  )  )  ︸   S u n   w h e e l   f a i l u r e   f r e q u e n c y   m o d u l a t i o n   +    w g n  (  1 , N , 10  )   ︸   G a u s s i a n   n o i s e      



(15)




where,    f c    is the rotation frequency of the planetary shelf;     f s   ( r )     is the absolute rotation frequency of the solar wheel;   f s   is the fault characteristic frequency of solar wheel;   f m   is the meshing frequency of the sun wheel;  w t   is the input axis angular velocity;   A t , B t , a 1 , a 2 , a 3   are amplitude and phase coefficients, respectively. Without loss of generality, white gauss noise with a signal-to-noise ratio of 10 was added to the simulation signal. Figure 7 and Figure 8 showed the time domain waveform and FFT transformation diagram of the original signal and resampling signal, respectively. It can be seen from Figure 7b that the frequency spectrum analysis of time-domain signals of variable working conditions was conducted directly. The rotation speed of the input shaft is shown in Figure 9. Due to the signals of complex and diverse frequency components and severe frequency ambiguity, the fault characteristics could not be extracted.



The turn domain resampling signal was equal Angle domain signal, compared to the original signal, the sampling frequency of the resampling signal was the number of sampling points per revolution of the input axis. The equivalent fault characteristic frequency of sun wheel fault as follows.


  f s e q u = ( z r − z s ) / z r * S  



(16)




where,   f s e q u   is the equivalent sun wheel fault characteristic frequency;   z r   is the number of ring gear teeth;   z s   is the number of sun gear teeth;  S  is the number of planetary rings.



Figure 8 was the resampling signal and the resampling FFT transformation diagram of sun wheel fault. The equivalent frequency of 2.5 Hz can be found from Figure 8b. Therefore, the effectiveness of the method can be verified. It can be seen that from Figure 8b, in addition to the initial equivalent failure frequency in the envelope spectrum, there was also an impact at 11.5 Hz, and the impact was relatively obvious. For preserve only the fault signal of the sun wheel in the resampling signal, the way of the VMSMF is used which proposed in this paper to further reduce the noise.



It can be seen from Figure 10 that, by comparing the envelope spectrum before and after filtering, both can clearly reflect the equivalent fault characteristic frequency of the sun gear fault. However, the noise frequency of the filtered signal is better suppressed, and only the equivalent fault characteristic frequency is retained. The frequency peak near 11.5 Hz is also effectively suppressed. The validity of the proposed VMSMF algorithm is verified.



In order to verify the effectiveness of the method proposed, the paper analyzed the simulation signal by selecting the Hanning window, Hamming window MSMF and the method in this paper. In the Figure 11a,b, Hanning window and Hamming window are used to filter the signal respectively. It can be seen from the figure that although the two methods can identify the fault characteristic frequency in the noise interference, the difference between the interference frequency and the fault frequency in the above two methods is not particularly obvious. It can be seen from (c) and (d) in the figure that the fault characteristic frequency of MSMF and VMSMF can be more significantly distinguished than Hamming window and Hanning window. Compared with MSMF, VMSMF method can better suppress other interference frequency components except fault characteristic frequency. The analysis results showed that the method proposed in this paper is more capable of highlighting the fault characteristics, thus verifying the effectiveness of the method proposed in this paper.



In order to further compare the operation efficiency of VMSMF compared with MSMF, the paper calculates and analyzes the data signals with different sampling points, and the results of operation time are shown in Table 4.



As can be seen from the data in Table 4, compared with MSMF, VMSMF has greatly improved the operation speed for all points. Therefore, it can be seen that the proposed method greatly improves the operation efficiency.




4. Experimental Signal Verification


To further verify the effectiveness of the method presented in the paper, the powertrain fault diagnosis integrated test bench (Spectra Quest, Charlottesville, VA, USA) data shown in Figure 12 was used for testing. The laboratory furniture consists of speed control device, drive motor, bearing seat, secondary planetary gearbox, fixed shaft gearbox, load device and so on. Relevant parameters of each gear in the planetary gearbox are consistent with simulation signal parameters, as shown in Table 3. Figure 13 showed the speed change of the input shaft of the gearbox. Figure 14 is a picture of the faulty gear. Data within 10–20 s are analyzed in the paper. The parameters set and calculated in the experiment are shown in Table 5.



This paper uses the proposed TDR and VMSMF methods to analyze the sun gear wear fault signal and health status signal respectively.



Firstly, transformed the original time domain signal by FFT. The time-domain signal and their FFT spectrum diagram were shown in Figure 15.



Secondly, the original signals of the two states were resampled by TDR technique. The obtained resampling signal of resampling signal are shown in Figure 16.



Finally, filtered the resampling signal by VMSMF.



The paper used the proposed VMSMF method to filter the gearbox signals of two states, respectively. The filtering signal and FFT spectrum diagram were shown in Figure 17.



The method based on TDR and VMSMF proposed in the paper is used to analyze the health state of planetary gearbox and the fault state signal of first stage solar wheel. As can be seen from Figure 17c,d, the signal of healthy state has no obvious frequency peak at the position of the equivalent frequency of solar wheel failure red mark. For the fault signal of sun wheel, the fault characteristic frequency was 2.39 Hz, 4.781 Hz, 7.142 Hz, and 9.533 Hz. According to the calculation method of the equivalent fault characteristic frequency of the planetary gearbox, the above frequencies correspond to the equivalent fault characteristic frequency of the sun gear and two, three, and four times of the frequency, and the noise is effectively suppressed. The effectiveness of the method is verified by analyzing the vibration signals of the planetary gearbox sun gear in each fault state.




5. Conclusions


The signal of planetary gearbox is complicated, the noise interference is serious, and it is in an unsteady state. In view of the limitations of existing methods in solving the above problems, a fault diagnosis method of planetary gearbox based on TDR and VMSMF is proposed. This method improved the limitation of existing methods and can effectively determine the fault of planetary gearbox.



1. The trans-domain resampling method based on the principle of nearest sampling point is proposed to solve the problem of large error of spline interpolation in existing order tracking methods. Accurate parameters and methods are provided for calculating the equivalent frequency.



2. In this paper, the Chebyshev window is selected as a new structure element, and the scale library of structure elements is set according to the signal impact characteristics. The calculation times of all shock signals in the resampling signal are changed from the original scale number to one. The VMSMF method in this paper greatly improves the filtering accuracy and computational efficiency.



3. Through the analysis of the simulation and experimental signals in this paper, it is concluded that the method in this paper can effectively identify the fault of the planetary gearbox, thus verifying the effectiveness of the method in this paper.



Through the analysis found that, in this paper, based on TDR and VMSMF technology of combining the planet gearbox fault diagnosis method can effectively identify the planetary gearbox, gear fault for planetary gearbox fault diagnosis research put forward a new train of thought, has a certain theoretical guiding significance.




6. Discussion


The paper proposed a fault diagnosis method for the key components of the unsteady planetary gearbox based on TDR and VMSMF. By processing the simulation signal and the experimental signal separately, it can be seen that the method can eliminate the influence of the speed change and noise interference on the fault signal, and thus judge the fault. The way put forward a new train of thought about gear fault for planetary gearbox fault diagnosis research, and it has a certain theoretical guiding significance.



However, when performing TDR on the signal in this article, it is necessary to collect the speed signal of the device under test at the same time, which cannot be used in some cases where the speed cannot be measured. The above situation brings certain limitations to the application of this method. This research group will further study the method of extracting the speed change curve from the vibration signal.
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Figure 1. Schematic diagram of sampling order selection. (a) Sampling order is too low, (b) sampling order is too high. 
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Figure 2. Schematic diagram of resampling signal selection. (a) The resampling position coincides with the original signal position; (b) The resampling position is between two adjacent points. 
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Figure 3. Time-frequency waveforms of each window function. (a) Time domain waveforms, (b) frequency domain waveform. 
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Figure 4. Correlation coefficient of morphological filtering signal. 
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Figure 5. Distribution of extreme points of time-domain signals: (a) represents one more minimum point than maximum point, (b) means that the minimum point is one less than the maximum point, (c) means that the minimum point first appears when the minimum point and the maximum point are the same, (d) indicates that the minimum point and the maximum point are the same, with the maximum point appearing first. 
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Figure 6. Schematic diagram of filter parameter selection. 
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Figure 7. Original time domain signal and FFT transformation. (a) Original time domain signal. (b) FFT transformation of the original signal. 
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Figure 8. Resampling signal and FFT transform. (a) Resampling signal. (b) FFT transform of resampling signal. 
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Figure 9. Change curve of input shaft speed. 
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Figure 10. Spectrum envelope before and after VMSMF. 
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Figure 11. Spectrum envelope used different ways. (a) Used Hanning windows as structural elements. (b) Used Hamming windows as structural elements. (c) Used MSMF as structural elements. (d) Used VMSMF as structural elements. 
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Figure 12. Comprehensive test bench for power drive fault diagnosis. 1 peed control device, 2 drive motor, 3 bearing seat, 4 secondary planetary gearbox, 5 fixed shaft gearbox, 6 load device. 
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Figure 13. Change curve of input shaft revolution frequency of planetary gearbox. 






Figure 13. Change curve of input shaft revolution frequency of planetary gearbox.



[image: Symmetry 13 00052 g013]







[image: Symmetry 13 00052 g014 550] 





Figure 14. Wear out faulty solar wheel components. 
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Figure 15. The original signal of the planetary gearbox. (a) is the time domain signal of the original health components; (b) is the time-domain signal of the original solar wheel wear state; (c) is the FFT transform spectrum diagram of the original health components; (d) is the FFT transform spectrum diagram of the original solar wheel wear state. 
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Figure 16. Resampling angular domain signal and its envelope spectrum waveform. (a) the waveform of resampling signal in healthy state; (b) the waveform of the resampling signal for sun wheel failure. 
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Figure 17. VMSMF signal and its envelope spectrum waveform. (a) the waveform of filtering signal in healthy state; (b) the waveform of the filtering signal for sun wheel failure; (c) the FFT envelope spectra of health filtering signals; (d) the FFT envelope spectra of filtering signal for sun wheel fault. 
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Table 1. Coefficient of association between the original signal and the filtered signal.
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	Window Function
	40,000 Groups
	20,000 Groups
	10,000 Groups
	5000 Groups
	2000 Groups
	1000 Groups





	Hamming
	0.5259
	0.5310
	0.5460
	0.5943
	0.2828
	0.2235



	Rectangle
	0.1551
	0.2198
	0.3117
	0.4382
	0.4002
	0.0022



	Hanning
	0.5297
	0.5334
	0.5458
	0.5953
	0.2807
	0.1499



	Chebyshev
	0.5658
	0.6020
	0.6658
	0.7514
	0.5732
	0.7872
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Table 2. The scales library of CSE structure element.
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	Scales
	Length
	Height





	1
	3
	a1{ ω 1(0),  ω 1(1),  ω 1(2),}



	2
	4
	a2{ ω 2(0),  ω 2(1),  ω 2(2),  ω 2(3)}



	3
	5
	a3{ ω 3(0),  ω 3(1), 3(2),  ω 3(3),  ω 3(4)}



	…
	…
	…



	n
	n + 2
	an{ ω n(0),  ω n(1),  ω n(2),  ω n(3), …,  ω n(n + 1)}
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Table 3. The parameters of planetary gearbox.
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	Serial Number
	Key Parts of Planetary Gearbox
	Number





	1
	number of sun gear teeth
	20



	2
	number of planetary gear teeth
	40



	3
	number of ring gear teeth
	100



	4
	number of planetary rings
	3
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Table 4. Comparison of computing time between VMSMF and MSMF.
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Points

	
2 × 105

	
1 × 105

	
5 × 104

	
2 × 104

	
1 × 104




	
Types

	






	
MSMF

	
23,925.4 s

	
6231.4 s

	
1851.5 s

	
402.7 s

	
140.3 s




	
VMSMF

	
825.02 s

	
201.37 s

	
52.9 s

	
10.7 s

	
4.77 s











[image: Table] 





Table 5. Relevant parameters of experimental signals.
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Types

	
Sample Frequency/Fs

	
Maximum Speed of Input Shaft/ns

	
Maximum Mesh Frequency/fm

	
Solar Wheel Equivalent Fault Characteristic Frequency/fs

	
Sampling Time/t




	
Data

	






	

	
5120 Hz

	
1800 r/min

	
600 Hz

	
2.4 Hz

	
10 s
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