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Abstract

:

Impulsive blind deconvolution (IBD) is a popular method to recover impulsive sources for bearing fault diagnosis. Its underpinnings are in the design of objective functions based on prior knowledge of impulsive sources and a transfer function to describe transmission path influences. However, popular objective functions cannot retain waveform impulsiveness and periodicity cyclostationarity simultaneously, and the single convolution operation of IBD methods is insufficient to describe transmission paths composed of multiple linear and nonlinear units. Inspired by the MaxPooling period modulation intensity (MPMI) and convolutional sparse learning (CSL), an adaptive multi-D-norm-driven sparse unfolding deconvolution network (AMD-SUDN) is proposed in this paper. The core strategy is that one target vector with simultaneous impulsiveness and cyclostationarity is constructed automatically through the MPMI; then, this vector is substituted into the multi D-norm to design objective functions. Moreover, an iterative soft threshold algorithm (ISTA) for the CSL model is derived, and its iterative steps are unfolded into one deconvolution network. The algorithm’s performance and the hyperparameter configuration are investigated by a set of numerical simulations. Finally, the proposed AMD-SUDN is applied to detect the impulsive features of bearing faults. All comparative results verify that the proposed AMD-SUDN achieves a better deconvolution accuracy than state-of-the-art IBD methods.
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1. Introduction


It is a basic task to extract impulsive sources from noisy observation signals in the field of fault diagnosis for rolling bearing health monitoring [1,2,3,4]. Where there are localized faults on the elements of rolling bearings, impulses are generated sequentially and periodic structures are also embedded into the impulses due to rotational movement [5,6]. After that, periodic transient impulses propagate along the complex transfer function of the transmission path to the position of the vibration sensors; observation signals are captured by sampling equipment. Moreover, due to interference signals from other mechanical components and the electromagnetic noise from sensors, a low signal-to-noise ratio (SNR) is unavoidable. Consequently, observation signals   y ( t )   are often modeled as


  y ( t ) = f ( t ) ∗ x ( t ) + e ( t )  



(1)




where   f ( t )   describes the influence of the transmission path,   x ( t )   is the periodic impulse and   e ( t )   denotes the noisy signal. Impulsive blind deconvolution (IBD) [7] aims to mitigate   f ( t )   and   e ( t )   to recover the focused feature   x ( t )   from the observation signals   y ( t )   of sensors. However, it is an ill-posed problem and there is no unique solution for   x ( t )  . Thus, prior knowledge of   x ( t )   is exploited to solve this problem, and, naturally, different prior knowledge predicates various families of IBD techniques.



Firstly, the kurtosis property of impulsive sources   x ( t )   is utilized to design IBD methods. The core idea behind kurtosis-based methods is to search one inverse filter    f  − 1    ( t )    to cancel the modulation function   f ( t )   by maximizing the statistical indexes (such as kurtosis, Gary’s variable norm, skewness, sparsity, Gnini index); typical methods include MED, GMED, G-   l p  /  l q    and Box–Cox sparse measures [8,9,10,11,12,13,14]. However, the kurtosis index is very sensitive to discrete impulses, and thus these methods often obtain a single impulse, which cannot achieve a satisfying deconvolution accuracy. To solve this problem, periodic information of   x ( t )   is further exploited to enhance the kurtosis objective function. One representative method is maximum correlated kurtosis deconvolution (MCKD), and its key strategy is to fuse the periodic information into the kurtosis index [15]. The deconvolution results demonstrate the significant periodic structure of impulsive sources   x ( t )  . Furthermore, another method, multipoint optimal minimum entropy deconvolution (MOMEDA) [16], directly designs a target vector based on periodic information and the Dirac function to describe the feature signals   x ( t )  , and its deconvolution results nearly achieve the ideal accuracy. However, the deconvolution accuracy of the MCKD and MOMEDA methods is decided by the strict periodic information. In practical engineering applications, it is difficult to calculate or extract periodic information from noisy observation signals due to low-SNR conditions. Therefore, some stage-wise periodic detection methods have been developed and their main aim is to find the maximum peaks of the auto-correlation function of envelope signals [17,18,19,20].



On the other hand, due to the slip phenomenon of rolling bearings and the speed fluctuations of rotational machinery, assuming that fault impulsive signals are strictly periodic is unreasonable, and cyclostationarity knowledge is adopted to design an objective function. Excellent examples of this include cyclostationarity maximization blind deconvolution (CYCBD) [21] and its enhanced versions [22,23,24]. Based on the fact that sparse feature information in the squared envelope spectrum is equal to the cyclostationarity characteristic of   x ( t )   [25], several sparse indexes have been introduced as an objective function in the squared envelope spectrum, including    l 2  /  l 2   , the Hoyer index, spectral negentropy [26], the generalized    l p  /  l q    norm [27], squared-enveloped multipoint kurtosis [28], the Gini index [29,30], the spectral harmonics-to-noise ratio [31], and composite envelope negentropy [32]. However, feature waveforms with the maximum cyclostationarity index often demonstrate a periodic structure but do not necessarily have an impulsive pattern. Therefore, it is important to design an objective function which describes the periodic structure and impulsive waveform simultaneously.



Different from the inverse filter    f  − 1    ( t )    learning-based IBD methods above, the convolutional sparse learning (CSL) strategy directly models the influence of the transmission path as a convolutional operation   f ( t ) ∗ x ( t )  , and its optimized filter   f ( t )   reflects the unit impulse response of the transmission path [33]. Later, negative bounded prior knowledge was introduced into the CSL model to extract the envelope waveform of impulsive features, significantly improving the deconvolution accuracy [34]. Moreover, the low-rank regularized denoiser and the CSL deconvolution model are combined to extend the CSL model to low-SNR conditions [35]. A noise-aware statistical threshold is designed to automatically remove noise and achieve superior performances in IBD tasks [7]. Some other CSL-based IBD methods adopt the shift-invariant dictionary [36,37], local matching pursuit [38,39], and sparse filters [40] to detect impulsive sources. The nonlocal similarity of feature waveforms is also exploited to further enhance the deconvolution performance of the CSL model [41]. The core assumption of these CSL strategies is that transmission path influences can be approximately described by convolution operations, which are linear. However, for mechanical systems composed of many components, the transmission path includes linear and nonlinear units due to the diverse characteristics of the mechanical component materials, and thus it is inappropriate to utilize only one convolution for complicated mechanical systems. Consequently, deep neural networks are introduced to describe the nonlinear modulation relationships of transmission paths. A single linear layer combined with a backward automatic differentiation strategy is designed for IBD tasks [42]. A single convolution layer is also developed via the L-BFGS algorithm to recover impulsive signals [43,44]; furthermore, multiple convolution layers are optimized based on the maximum correlated kurtosis via a layer-wise search strategy [45]. These deep-network-based IBD methods mainly utilize a single linear or convolutional layer to design the mapping function, and there is also a lack of nonlinear activation units; therefore, these deconvolution networks have no capability to describe transmission path influences composed of linear and nonlinear units. It is thus another challenging problem to design one deep network with multiple linear and nonlinear units for a higher deconvolution accuracy.



To address the two issues above, an adaptive multi-D-norm-driven sparse unfolding deconvolutional network (AMD-SUDN) is proposed in this paper for bearing fault diagnosis. Firstly, one target vector with simultaneous impulsiveness and cyclostationarity is constructed automatically through the MaxPooling period modulation intensity (MPMI) method, and then this vector is substituted into the multi D-norm to design the objective function of the AMD-SUDN model. Then, based on the CSL deconvolution model and the algorithm unfolding framework [46], the iterative shrinkage threshold algorithm (ISTA) is adopted to solve the CSL model and then its iterative steps are unfolded into one SUDN with many linear and nonlinear activation units. The effectiveness of the SUDN in bearing fault diagnosis has been preliminarily verified [47]. Impulsive sources are extracted by the Adam optimizer using the PyTorch framework. Numerical simulations are then implemented to evaluate its deconvolution performance, and the superiority of the proposed AMD-SUDN method is investigated with respect to state-of-the-art IBD techniques. Lastly, one experimental study on CWRU rolling bearing data further validates that the AMD-SUDN achieves a better deconvolution accuracy.



The main contributions of this paper are summarized as follows.



	1.

	
MPMI and multi D-norm are combined to construct an objective function with simultaneous waveform impulsiveness and periodicity cyclostationarity, which to the best of our knowledge has not been investigated in the fault diagnosis field.




	2.

	
The iterative steps of the CSL model are unfolded into one deconvolution network, which is proposed to describe the linear and nonlinear units of the transmission path, which is a new way to utilize model-driven networks for IBD tasks.




	3.

	
Numerical simulations and deconvolution results demonstrate that the proposed AMD-SUDN outperforms the existing state-of-the-art IBD methods.







The rest of the paper is organized as follows. Section 2 will review the related works on the multi D-norm and fault period estimation. The CSL model and design process of the AMD-SUDN will be elaborated in Section 3. Numerical simulations are implemented to investigate the AMD-SUDN’s performance in Section 4, and experimental validations are demonstrated in Section 5. Finally, conclusions are drawn in Section 6.




2. Related Work


2.1. MOMED Blind Deconvolution Method


The MOMED method utilizes the multi D-norm of the filtered signal as an objective function and it assumes a deconvolution target with multiple impulses at known locations, which can be determined by the fault frequency of rolling bearings. The multi D-norm of the filtered signal can be expressed as follows:


  M D N  ( x )  =  1  ∥ t ∥       t  T  x   ∥ x ∥    



(2)




where  t  is a target vector consisting of constants that determine the position and weight of the target pulse train to be recovered. The MOMED method confirms the inverse filter    f   − 1    by maximizing the   M D N ( x )   objective function,


   max  f  − 1    M D N  ( x )  =  max  f  − 1        t  T  x   ∥ x ∥   ,  s . t .  x =  f  − 1   ∗ y .  



(3)







The local maximum value can be determined by taking the derivative with respective to the filter coefficient    f   − 1   ,


   d  d  f  − 1          t  T  x   ∥ x ∥    = 0  



(4)







Then, we can obtain one closed-form solution


      t  T  x    ∥ x ∥  2 2    f  − 1   =     YY  T    − 1   Y t  



(5)







The impulsive source signal  x  can be calculated by the observation signal   y = [  y 1  ,  y 2  , ⋯  y N  ]   and the inverse filter     f   − 1   =   [  f 1  ,  f 2  , ⋯ ,  f N  ]  T    as follows:


  x =  f  − 1   ∗ y  



(6)







The MOMED method utilizes a target vector  t  to determine the position and weight of the periodic pulse components to be recovered, which is well suited for extracting impulsive features with special periodic patterns. However, in the fault feature detection of rolling bearings, strict periodic information is required to design a target vector  t . Moreover, a target vector  t  with a strict periodic structure cannot reliably describe the slip phenomenon and rotational speed fluctuations, which seriously limits the efficiency of the MOMED method.




2.2. Period Modulation Intensity (PMI) Method


To detect the periodic information embedded into the observation signal  y , the PMI method was developed, and its core operation is to find the maximum value of the auto-correlation (AC) function and then view the first maximum point as periodic information. Firstly, based on the fact that the envelope waveform obtained by the Hilbert demodulation transformation significantly enhances fault information compared to the original signals, it is feasible to utilize the envelope waveform to design an impulsive detection index. Then, the envelope waveform   a ( t )   is divided into two parts: a periodic impulsive modulation component   p ( t )   and an interference modulation component   n ( t )  . Moreover,   p ( t )   and   n ( t )   are linearly independent. The auto-correlation function of the envelope signal   a ( t )   with time delay  τ  can be calculated as:


  C o r  ( a  ( t )  , a  ( t + τ )  )  =       E p  +  E n  ,     τ = 0       C o r ( p ( t ) , p ( t + τ ) ) ,     τ ≠ 0       



(7)




where   E p   and   E n   are the energies of   p ( t )   and   n ( t )  , respectively. Let T be the time period of the impulsive component   p ( t )  ; then, the AC function of   p ( t )   is:


  C o r  ( p  ( t )  , p  ( t + i T )  )  = C o r  ( p  ( t )  , p  ( t )  )  =  E p  ,  i = 1 , 2 , ⋯  



(8)







The PMI is thus a quantization index for impulsive information similar to signal-to-noise ratio (SNR). Finally, the PMI index can be modified to confirm the periodic information of impulsive features:


  P M I  ( τ )  =   C o r ( a ( t ) , a ( t + τ ) )   C o r ( a ( t ) , a ( t ) − C o r ( a ( t ) , a ( t + τ ) ) )    



(9)







The function   P M I ( · )   only has local maximum values at   τ = i T ( I = 1 , 2 , ⋯ )  . Thus, these local maximum values and their relationships are utilized to confirm the first local maximum point (except   τ = 0  ), and its time lag  τ  is set as the impulsive periodicity T.





3. Proposed AMD-SUDN Deconvolution Method


Inspired by convolutional sparse learning and algorithm unfolding, a sparse deconvolution model is established and its ISTA solver is also derived; then, its iterative steps are unfolded into a sparse unfolding deconvolution network. On the other hand, to make the objective function retain waveform impulsiveness and periodicity cyclostationarity simultaneously, an adaptive multi D-norm is designed through the MaxPooling PMI method, which sidesteps the assumption that the target vector of the multi D-norm objective function depends on the strict periodicity of the fault waveform. The proposed AMD-SUDN structure is shown in Figure 1, and mainly consists of a convolutional sparse learning model, an ISTA solver and a sparse unfolding deconvolution network. These core modules in the AMD-SUDN will be described in the following subsections.



3.1. Convolutional Sparse Coding Model


In general, a rolling bearing fault signal  y  is a mixture of different components affected by complex transmission paths, which can be expressed as:


  y = f ∗ x + e  



(10)




where  x  and  e  denote impulsive sequences and noise disturbances, respectively.  f  is the corresponding transfer functions of the path between impulsive sources and sensors. ∗ denotes the convolution operation. Due to the convolution operation ∗ being a type of linear mapping, the convolution model (10) can be rewritten in matrix–vector multiplication format,


  y = C x + e  



(11)







Deconvolution methods generally recover impulsive features by constructing an inverse filter, while convolutional sparse learning methods extract impulse features by directly modeling the modulation process of the transmission path, and thus the CSL method achieves a higher deconvolution accuracy.



Based on the fact that most points in the impulsive source  x  are zeros and thus  x  has a sparse pattern, the CSL method introduces a sparse regularization term to describe this sparse pattern; moreover, to guarantee the computational efficiency of the objective function, a sparse metric   l 1   is adopted. The resulting optimization problem can be written as


   x ^  = arg  min  C , x     1 2    ∥ y − Cx ∥  2 2  + λ   ∥ x ∥  1    



(12)




where  λ  is the equilibrium parameter. The CSL model is concise and easy to interpret; however, hyperparameter selection for  C  (filter length and initialization) and  λ  often requires expert knowledge. However, the optimization problem is nonconvex and there are many local minima. More importantly, there is only a single convolution operation to describe the transmission path’s influence with linear and nonlinear units, which is unreasonable for bearing fault diagnosis. Therefore, it is necessary to design a deep complex network with multiple linear layers and a nonlinear activation function for IBD tasks.




3.2. Sparse Unfolding Deconvolution Network


In this section, the convolutional sparse learning model is solved first using an ISTA solver while the filter variable  C  is fixed. The iterative steps are then unfolded into linear layers and soft-threshold activation is used to design a deep sparse network. Moreover, the filter variable  C  and impulsive features  x  are set as learnable parameters of the deep sparse network, which achieves one goal of obtaining one deep deconvolution network for transmission paths with linear and nonlinear units.



To solve problem (12), the ISTA algorithm perform gradient descent steps and proximal operator steps alternatively, where the iterative formulas can be written as,


      r   ( k )      =   x   ( k − 1 )   − ρ   C T   (  Cx  ( k − 1 )   − y )            =  Wx  ( k − 1 )   + ρ   C T  y      



(13)






    x  k  =   Soft  θ     r  k   =  sign   (   r  k  )  max   |   r  k  |  − θ   



(14)




where    C T   (  Cx  ( k − 1 )   − y )    denotes the gradient of the fidelity term    ∥ y − Cx ∥  2 2  ,    r  k   denotes the corresponding gradient descent term,  ρ  denotes the step size, k denotes the ISTA iteration index,  W  is used to replace   I − ρ   C T  C    for the learnable parameter,     Soft  θ   ( · )    denotes the soft threshold function, and  θ  denotes the threshold value.



The algorithm unfolding framework provides a way to design a network by unfolding the iterative process above into the architecture of the neural network, which is shown in Figure 1. Firstly, the gradient descent step is set as linear layers with learnable parameters  C  and  ρ , and  W  is fixed as   I − ρ   C T  C    to reduce the network parameters. To improve the computation efficacy,   C k   and   C k T   are a one-dimensional convolution operation and its transpose convolution operation, respectively. In order to ensure that the feature mapping length after each convolution is the same, a zero-padding operation is applied to feature mappings before the convolution operation; i.e., every feature mapping is filled with   L / 2   zero points, where L is the convolution kernel length.



Then, the proximal operator step or soft-threshold function is set as the activation function with learnable parameter  θ . Moreover, to guarantee the excellent fitting capability of the sparse unfolding network, K iterative steps are expanded and thus there are K feature mappings, similar to     x   ( k )   , k = 1 , ⋯ , K  , which will be constrained in the objective function to accelerate network training. As the expanded layers K increase, the network has more parameters and a better fitting capability, naturally leading to a better deconvolution performance, but the back-propagation procedure of gradient information is more complex and thus the developed network is more prone to a training trap. It is important to set the expanded layers K and convolutional kernel length L in the sparse network, and these parameters will be selected based on numerical analysis.




3.3. MaxPooling-Based Periodic Estimation


Although the envelope signal obtained by Hilbert demodulation usually has clearer fault information than the original signals, the envelope signal is often affected by the period of other high-frequency components and noises. P. Borghesani et al. [48] found that the nonlinear effect of the maximal pooling layer is quite different for high-frequency and low-frequency signal components. For any periodic component with a period of T time steps, if the pool size is chosen to be   P ≥ T  , the output features of the MaxPooling layer are almost identical to the envelope + down sampling operation, i.e., the envelope amplitude of the signal is extracted. On the contrary, if the pool size is smaller than the period of the signal (  P < T  ), the overall trend in the original signal is preserved in the downsampled signal. Therefore, the MaxPooling layer provides a way to adaptively extract the envelope signals for a target vector  t . Then, the MaxPooling period modulation intensity (MPMI) strategy and auto-correlation sequence are combined to identify impulse locations.



The MPMI strategy is implemented as:


  M P M  I y   ( τ , P )  =   C o r ( M  P  y , P    ( t )  , M  P  y , P    ( t + τ )  )   C o r  ( M  P  y , P    ( t )  , M  P  y , P    ( t )  )  − C o r  ( M  P  y , P    ( t )  , M  P  y , P    ( t + τ )  )     



(15)




where   M  P  y , P    ( t )    denotes the maximum pooled envelope signal obtained by the maximum pooling layer and P denotes the pool size and step size of the maximum pooling layer. It is worth noting that the maximum pooling layer performs a downsampling operation on the measurement signal  y , and one sample point after pooling denotes P sample points of the original signal, so the MPMI is plotted by multiplying its delay  τ  by the pool size P to ensure the matching of the signal dimensions.



To illustrate the superiority of the MPMI in identifying impulsive periodicity, one simulated signal, as well as the PMI of the envelope signal and the MPMI based on the MaxPooling layer, is given in Figure 2. The simulated signal is a mixture of amplitude-modulated periodic pulses and white noise with zero-mean, a variance of 0.4, an SNR of −4.47 dB, and a pulse period T of 57 sampling points. A series of weak periodic pulses can be observed in Figure 2a,b, showing that the period detection result of the PMI is affected by the high-frequency component, whereas the period detection result of the MPMI shown in Figure 2c is very significant, and   T = 56   sample points can be obtained by taking the interval mean of the extreme value as the estimated fault period.




3.4. Optimization Objective and Solver


The target vectors of the classic multi D-norm are strict periodic sequences based on a given impulsive period, which often is inconsistent with the actual fault sources because periodic pulses of rolling faults are not strictly periodic sequences due to phenomena such as slippage. In order to further remove the strong period constraints of the multi D-norm, an adaptive multi D-norm is designed by substituting the target vector  t  of the original multi D-norm with an adaptive target vector   t a   according to the MPMI. Specifically, the above MPMI index measures the correlation between the signal with time delay and the original signal. According to the correlation curves of the periodic signal, each extremely large value point in the MPMI index can be selected as an impulsive position to obtain one adaptive target vector   t a  . The vector   t a   decides the impulse locations and periodicity from data point adaptively and thus it is consistent with the actual fault features, and this can remove the strong period constraint. The adaptive multi D-norm (AMD) can be written as:


   t a  = δ ·  Lmax   ( M P M  I y   ( τ , P )  )   



(16)




where  δ  denotes the pulse function and   L m a x   denotes the set of auto-correlation maximum points, so   t a   has a pulse at each maximum of the signal.



The SUDN can be optimized by maximizing the AMD objective function. Firstly, the initialization of parameters and the setting of hyperparameters are needed, such as the pool size P of the MaxPooling layer, the unfolding number k, and the convolutional kernel length L. Secondly, the adaptive multi D-norm is obtained as the loss function of the sparse unfolding deconvolution network via the MPMI strategy, and the parameters of the whole AMD-SUDN (including   C k  ,   ρ k   and   θ k  ) are optimized using the back-propagation algorithm for neural networks.



It is worth noting that each layer of the AMD-SUDN is equivalent to an iterative process of the ISTA, and the output of each layer of the network is equivalent to the result of one iteration, so the proposed adaptive multi D-norm can be constrained on the output of each layer of the network, which further enhances the performance of the unfolded network. The modified loss function of the AMD-SUDN can be formulated as:


  L  ( Θ )  =  ∑  k = 1  K  A M D  (   x   ( k )   ,  t a  )   



(17)









4. Performance Analysis


In this section, the simulation signals of a rolling bearing fault are used to evaluate the effectiveness of the proposed AMD-SUDN. The vibration signals of a rolling bearing can be written as follows.


  y  ( t )  =  ∑ i   A i   h i   ( t − i  T a  −  v i  )  +  ∑ j   B j  s i n  ( 2 π  f j  t +  φ j  )  + e  ( t )   



(18)




where   y ( t )   represents the fault vibration signal, which is synthesized from three components. The first one is the periodic pulse caused by the bearing fault, where   A i   and   T a   denote the amplitude and time interval of the pulse sequence, respectively, and parameter   v i   is used to simulate the random slip of the roller in the bearing, which is set to 1–2% of   T a  . The second component is the harmonic disturbance, which is used to simulate the vibration generated by gear meshing or shaft rotation.   B j  ,   f j   and   φ j   indicate the amplitude, frequency and phase of the harmonic components, respectively. The last component   e ( t )   represents the background noise.   h ( t )   represents the impulse response function of the undamped single-degree-of-freedom system.


  h  ( t )  =  e  − ξ t   s i n  ( 2 π  f d  t )   



(19)




where  ξ  and   f d   denote the resonance damping coefficient and frequency, respectively.



The simulation signals of bearing outer ring faults have 6000 points with a duration of 1 s. Their detailed parameters are shown in Table 1, where   F s   denotes the sampling frequency,   F C F   denotes the fault characteristic frequency of the rolling bearing, and SNR is the signal-to-noise ratio. Figure 3a plots the time-domain waveform of the simulated signal, where the red curve indicates the outer ring fault feature, from which it can be seen that the outer ring fault feature is submerged by the noise. Figure 3b further displays the envelope spectrum. The first three orders of   F C F   are clearly visible.



4.1. Parameter Analysis of the AMD-SUDN Method


In the above Section 3.2, it can be seen that the hyperparameters of the AMD-SUDN have an important impact on its performance. The following parameters of the AMD-SUDN are selected by simulating signals: the filter length L, the network expansion depth K, and the pool size of the maximum pooling layer P. The experimental parameters are set as follows: epoch = 100, learning rate = 0.01, and optimizer = Adam.



Firstly, the hyperparameters L and K of the network are analyzed, and the multi D-norm and processing time are used as evaluation indexes. The experimental results are shown in Table 2. Classical MOMED requires longer filters to obtain better results. In order to choose the appropriate L value, the unfolding number K = 3 is fixed first, and then a series of values of L are selected for performance analysis. It is seen that the multi D-norm is higher as L increases, while the processing time of the network model is basically maintained at 1.8 s. According to these results, L is set to 400, and the effect of the unfolding number K is then evaluated. It can be seen from Table 2 that the network model performance first improves and then remains stable as K increases, but the processing time is proportional to K. Therefore, the expansion number K is set to 3.



Secondly, the effect of the pool size P on the AMD-SUDN needs to be further analyzed, because the envelope effect of MaxPooling can achieve good envelope demodulation only when P lies between the period of the high-frequency component and the period of the low-frequency fault features. Based on the simulated signals, it can be shown that the period of the high-frequency component is 6 sampling points and the period of the fault feature is 57 sampling points. Figure 4 displays the MPMI curves under different pool sizes P. It can be seen that when P is slightly larger than the period of the high-frequency component, the period of the fault feature can be confirmed more accurately, but when P = 6, a small amount of interference exists in the MPMI, and when P is close to the fault period, the MaxPooling envelope effect is reflected in the extraction of the amplitude, and the fault period is no longer extracted. Therefore, the pool size P is set to 12.




4.2. Interpretability Analysis of the AMD-SUDN


Theoretically, the unfolding network inherits the interpretability of the iterative algorithm, and the interpretability of the AMD-SUDN is examined in this subsection. Based on the parameter selection above, the output waveform of each layer of the unfolding network and their envelope spectra are plotted in Figure 5. From these results in Figure 5a,c,e, it can be seen that the impulse features of the filtered signal become more significant as the network unfolds. From the envelope spectra in Figure 5b,d,f, it is found that the   F C F   and its harmonic components are more significant as the network unfolds, and the final extracted impulse sequence is very significant, as seen in Figure 5e,f. This further verifies the stage-wise interpretability of the unfolded network along the iterative steps.



It is worth noting that since the downsampling operation of the maximum pooling layer also reduces the frequency from 12 kHz to 1 kHz, the frequency range of the extracted fault pulse in the envelope spectrum is reflected back at 1 kHz, resulting in the phenomenon of mixing of some frequency bins, which can be observed in Figure 5f. The frequency component of 790 Hz, which is reflected back from 1 kHz, is spaced at a frequency interval of 210 Hz from the fault pulse frequency.




4.3. Comparison of Deconvolution Methods


The proposed AMD-SUDN method is compared with three deconvolution methods, MCKD, CYCBD, and BAD-MOMED, in this subsection. It can be seen that all three methods require pre-given theoretical fault periods. As determined through preliminary experiments, the number of iterations for all three deconvolution methods is set to 100, with the filter lengths of CYCBD and MCKD set to 40 and the number of MCKD shifts set to 1. The specific details of BAD-MOMED can be found in [42], in which all filter lengths are consistent with the proposed method, set to 400, and implemented in a three-filter cascade corresponding with AMD-SUND’s unfolding number K.



The deconvolution results of all comparison methods and their envelope spectra are shown in Figure 6. From the time-domain waveform in Figure 6a,c,e,g, it can be seen that the sparsity and periodicity of the shock force sequences extracted by the proposed method are more significant compared to other deconvolution methods. Nearly all noise is removed; however, comparative methods contain strong noise and the impulse waveform is unclear. From the envelope spectra of Figure 6b,d,f,h, it can be seen that all methods can detect   F C F   and higher orders. Therefore, the proposed AMD-SUND method shows a better deconvolution accuracy for rolling bearing fault diagnosis.



In order to further analyze the impulsiveness and periodicity of the pulse features extracted by each method, the time waveforms of the pulse features and the pulse sequences of the simulated signal are magnified and compared. The waveforms from 0.1 to 0.2 s are analyzed and shown in Figure 7. The orange line indicates the real pulse sequence, and the blue line indicates the deconvolution results of each method. Although MCKD, CYCBD and BAD-MOMED can recover the impulsiveness accurately, the recovered pulses do not match the real pulse sequence well. On the contrary, the proposed AMD-SUDN recovers the impulsive property of extracted sequence well, but also the periodicity structure of the extracted sequence is in line with the actual periodic fault information. Therefore, the proposed AMD-SUDN method achieves an excellent deconvolution performance by simultaneously retaining the waveform impulsiveness and periodicity cyclostationarity.



Finally, the computational efficiency of the four methods is determined, and the time costs are 0.83 s for MCKD, 0.98 s for CYCBD, 1.47 s for BAD-MOMED and 1.84 s for the AMD-SUDN, which indicates that the computational efficiency of the AMD-SUDN method is acceptable.





5. Experiment Verification


5.1. Case 1


To further validate the superiority of the proposed AMD-SUDN in engineering applications, experimental bearing fault signals are analyzed. The bearing signals were downloaded from the Case Western Reserve University (CWRU) Bearing Data website. As shown in Figure 8, the test rig consisted of a motor, a torque transducer, and a dynamometer. An electro-discharge machine was used to induce a single point of failure in the test rolling bearing. The faulty bearing was mounted on the drive end of the motor. Accelerometers were placed on the drive and the fan ends of the motor housing.



Outer ring failure is one of the common types of failure in rolling bearings. The vibration signals collected at the fan end were used to verify the proposed AMD-SUDN. The data number is X130-FE-time. The first 6000 data points were adopted as raw signals to test the proposed method. The raw signals are shown in Figure 9a. Periodic pulses excited by rolling bearing faults can be observed in the time-domain waveform, but these pulses are not sharp or significant due to transmission path influences. From the envelope spectrum in Figure 9b, only a first-order FCF can be observed, and no higher-order harmonics can be seen. This is not conducive to accurately judge the health of the rolling bearing.



The deconvolution results of all methods are shown in Figure 10. All comparative methods can enhance the impulsiveness of fault sources by mitigating the modulation influences of the transmission path. The proposed AMD-SUDN method recovers all impulses in the fault sources and the FCF orders are enhanced up to seven; more importantly, there is no noise in the time waveform and the periodicity among discrete pulses is significant. It is worth noting that the envelope spectrum of the comparison method may be superior to that of the proposed method because the downsampling operation of the MaxPooling layer reduces the frequency from 12 kHz to 1 kHz, so the frequency range of the faulty pulses extracted from the envelope spectrum will be reflected back at 1 kHz, which will result in some frequency mixing. However, MCKD, CYCBD and BAD-MOMED methods do not remove strong noise or interference components in the recovered impulsive sources; moreover, it is difficult to identify the periodicity pattern directly from the impulsive waveform. Therefore, it can be concluded that the proposed AMD-SUDN has a superior deconvolution performance and achieves a state-of-the-art accuracy.




5.2. Case 2


To further validate the feasibility of the proposed AMD-SUDN in the application of aero-engine bearing fault diagnosis, aero-engine inter-shaft bearing fault signals were analyzed. The aero-engine inter-shaft bearing fault signals were obtained from the Harbin Institute of Technology (HIT) [49], and in this subsection, a set of outer-ring fault signals are used to validate the proposed network, in which the low-pressure rotor rotates at a frequency of 50 Hz and the high-pressure rotor rotates at a frequency of 80 Hz, which is calculated to have an FCF of 195 Hz. A total of 12,500 data points are used as the raw signals to test the proposed method. The fault signal of the outer ring of the inter-shaft bearing is shown in Figure 11a. From the time-domain waveforms, it can be observed that the bearing fault features are overwhelmed by the harmonic components of the high-voltage rpm, and it is difficult to observe the fault feature waveforms therein. From the envelope spectrum in Figure 11b, only the first-order high-voltage rotor frequency can be clearly observed, there are also a large number of interference spectral lines, and the FCFs of the outer ring cannot be observed.



The inverse convolution results for each method are shown in Figure 12. Since all the selected comparison methods require the input of a theoretical fault signature frequency, all the comparison methods are able to enhance the fault signature in the frequency domain. The proposed AMD-SUDN method recovers all the pulses in the fault source and enhances the FCF to the fifth order, and more importantly, there is no noise in the time waveform and the periodicity between the discrete pulses is significant. However, the MCKD, CYCBD and BAD-MOMED methods are affected by strong disturbances, retaining strong noise or interference components in the recovered pulse sources, and it is difficult to recognize periodic patterns directly from the pulse waveforms. Therefore, it can be concluded that the proposed AMD-SUDN has a superior deconvolution performance and achieves a superior accuracy.





6. Conclusions


In this article, an adaptive multi D-norm is firstly designed to simultaneously retain the waveform impulsiveness and periodicity cyclostationarity of bearing fault sources. A sparse unfolding deconvolution network is then established by unfolding the iterative steps of the convolutional sparse learning optimizer. By maximizing the adaptive multi D-norm to find desirable network parameters, an adaptive multi-D-norm-driven sparse unfolding deconvolution network (AMD-SUDN) is proposed for bearing fault diagnosis. A series of numerical simulations are implemented, and the comparative results verified that the proposed AMD-SUDN can satisfactorily retain the impulsiveness and cyclostationarity of fault sources. The feature mapping of every layer of the AMD-SUDN approximates the real fault sources, which provides an excellent strategy to design an interpretable network based on a physical model. More importantly, the adaptive multi D-norm objective function is free from strict periodic assumptions because MaxPooling provides a feasible way to adaptively decide impulse locations. Finally, its application to bearing fault diagnosis verifies that the AMD-SUDN achieves a higher deconvolution accuracy. All comparative results demonstrate that the AMD-SUDN method outperforms state-of-the-art deconvolution techniques.



Although the proposed AMD-SUDN can effectively deconvolve fault pulses, its envelope spectrum is easily affected by the downsampling of MaxPooling, and the parameters of MaxPooling need to be selected empirically. Therefore, we will continue to optimize the adaptive multi D-norm to remove the influence of MaxPooling and further consider a data noise reduction technique to highlight the fault features in rolling bearings so as to improve the network’s deconvolution effect.







Author Contributions


Formal analysis, J.L.; Funding acquisition, H.Z.; Methodology, J.L., H.Z. and Z.D.; Project administration, H.Z.; Supervision, H.Z.; Validation, Y.L.; Writing—original draft, J.L.; Writing—review and editing, H.Z. and Z.D. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Natural Science Foundation of China (No. 52275085), the Key Research and Development Program of Shaanxi (Program No. 2024GX-YBXM-265) and the Fundamental Research Funds for the Central Universities (No. 300102252201).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Data are contained within the article.




Acknowledgments


We gratefully acknowledge the support of Case Western Reserve University and Harbin Institute of Technology University with the provision of the bearing fault data.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Miao, Y.; Zhang, B.; Lin, J.; Zhao, M.; Liu, H.; Liu, Z.; Li, H. A review on the application of blind deconvolution in machinery fault diagnosis. Mech. Syst. Signal Process. 2022, 163, 108202. [Google Scholar] [CrossRef]

	



Zhang, H.; Chen, X.; Du, Z.; Yan, R. Kurtosis based weighted sparse model with convex optimization technique for bearing fault diagnosis. Mech. Syst. Signal Process. 2016, 80, 349–376. [Google Scholar] [CrossRef]

	



Zhang, H.; Chen, X.; Zhang, X.; Ye, B.; Wang, X. Aero-engine bearing fault detection: A clustering low-rank approach. Mech. Syst. Signal Process. 2020, 138, 106529. [Google Scholar] [CrossRef]

	



Ambrożkiewicz, B.; Syta, A.; Georgiadis, A.; Gassner, A.; Litak, G.; Meier, N. Intelligent Diagnostics of Radial Internal Clearance in Ball Bearings with Machine Learning Methods. Sensors 2023, 23, 5875. [Google Scholar] [CrossRef] [PubMed]

	



Randall, R.B.; Antoni, J. Rolling element bearing diagnostics-A tutorial. Mech. Syst. Signal Process. 2011, 25, 485–520. [Google Scholar] [CrossRef]

	



Buzzoni, M.; D’Elia, G.; Cocconcelli, M. A tool for validating and benchmarking signal processing techniques applied to machine diagnosis. Mech. Syst. Signal Process. 2020, 139, 106618. [Google Scholar] [CrossRef]

	



Du, Z.; Zhang, H.; Chen, X.; Yang, Y. Convolutional plug-and-play sparse optimization for impulsive blind deconvolution. Mech. Syst. Signal Process. 2021, 161, 107877. [Google Scholar] [CrossRef]

	



Wiggins, R.A. Minimum entropy deconvolution. Geoexploration 1978, 16, 21–35. [Google Scholar] [CrossRef]

	



Endo, H.; Randall, R. Enhancement of autoregressive model based gear tooth fault detection technique by the use of minimum entropy deconvolution filter. Mech. Syst. Signal Process. 2007, 21, 906–919. [Google Scholar] [CrossRef]

	



Jia, F.; Lei, Y.; Shan, H.; Lin, J. Early Fault Diagnosis of Bearings Using an Improved Spectral Kurtosis by Maximum Correlated Kurtosis Deconvolution. Sensors 2015, 15, 29363–29377. [Google Scholar] [CrossRef]

	



Ovacıklı, A.K.; Pääjärvi, P.; LeBlanc, J.P.; Carlson, J.E. Recovering Periodic Impulsive Signals Through Skewness Maximization. IEEE Trans. Signal Process. 2016, 64, 1586–1596. [Google Scholar] [CrossRef]

	



Jia, X.; Zhao, M.; Di, Y.; Li, P.; Lee, J. Sparse filtering with the generalized lp/lq norm and its applications to the condition monitoring of rotating machinery. Mech. Syst. Signal Process. 2018, 102, 198–213. [Google Scholar] [CrossRef]

	



Liang, K.; Zhao, M.; Lin, J.; Jiao, J.; Ding, C. Maximum average kurtosis deconvolution and its application for the impulsive fault feature enhancement of rotating machinery. Mech. Syst. Signal Process. 2021, 149, 107323. [Google Scholar] [CrossRef]

	



López, C.; Wang, D.; Naranjo, Á.; Moore, K.J. Box-cox-sparse-measures-based blind filtering: Understanding the difference between the maximum kurtosis deconvolution and the minimum entropy deconvolution. Mech. Syst. Signal Process. 2022, 165, 108376. [Google Scholar] [CrossRef]

	



McDonald, G.L.; Zhao, Q.; Zuo, M.J. Maximum correlated Kurtosis deconvolution and application on gear tooth chip fault detection. Mech. Syst. Signal Process. 2012, 33, 237–255. [Google Scholar] [CrossRef]

	



McDonald, G.L.; Zhao, Q. Multipoint Optimal Minimum Entropy Deconvolution and Convolution Fix: Application to vibration fault detection. Mech. Syst. Signal Process. 2017, 82, 461–477. [Google Scholar] [CrossRef]

	



Miao, Y.; Zhao, M.; Lin, J.; Lei, Y. Application of an improved maximum correlated kurtosis deconvolution method for fault diagnosis of rolling element bearings. Mech. Syst. Signal Process. 2017, 92, 173–195. [Google Scholar] [CrossRef]

	



Miao, Y.; Zhao, M.; Liang, K.; Lin, J. Application of an improved MCKDA for fault detection of wind turbine gear based on encoder signal. Renew. Energy 2020, 151, 192–203. [Google Scholar] [CrossRef]

	



Miao, Y.; Shi, H.; Li, C.; Hua, J.; Lin, J. Period-refined CYCBD using time synchronous averaging for the feature extraction of bearing fault under heavy noise. Struct. Health Monit. 2024, 32, 1071–1088. [Google Scholar] [CrossRef]

	



Gao, Y.; Ahmad, Z.; Kim, J.M. Fault Diagnosis of Rotating Machinery Using an Optimal Blind Deconvolution Method and Hybrid Invertible Neural Network. Sensors 2024, 24, 256. [Google Scholar] [CrossRef]

	



Buzzoni, M.; Antoni, J.; D’Elia, G. Blind deconvolution based on cyclostationarity maximization and its application to fault identification. J. Sound Vib. 2018, 432, 569–601. [Google Scholar] [CrossRef]

	



Zhang, B.; Miao, Y.; Lin, J.; Yi, Y. Adaptive maximum second-order cyclostationarity blind deconvolution and its application for locomotive bearing fault diagnosis. Mech. Syst. Signal Process. 2021, 158, 107736. [Google Scholar] [CrossRef]

	



Wang, Z.; Zhou, J.; Du, W.; Lei, Y.; Wang, J. Bearing fault diagnosis method based on adaptive maximum cyclostationarity blind deconvolution. Mech. Syst. Signal Process. 2022, 162, 108018. [Google Scholar] [CrossRef]

	



Chen, R.; Huang, Y.; Xu, X.; Zhang, X.; Qiu, T. Rolling Bearing Fault Feature Extraction Method Using Adaptive Maximum Cyclostationarity Blind Deconvolution. IEEE Sens.J. 2023, 23, 17761–17770. [Google Scholar] [CrossRef]

	



Borghesani, P.; Pennacchi, P.; Chatterton, S. The relationship between kurtosis- and envelope-based indexes for the diagnostic of rolling element bearings. Mech. Syst. Signal Process. 2014, 43, 25–43. [Google Scholar] [CrossRef]

	



Peeters, C.; Antoni, J.; Helsen, J. Blind filters based on envelope spectrum sparsity indicators for bearing and gear vibration-based condition monitoring. Mech. Syst. Signal Process. 2020, 138, 106556. [Google Scholar] [CrossRef]

	



He, L.; Wang, D.; Yi, C.; Zhou, Q.; Lin, J. Extracting cyclo-stationarity of repetitive transients from envelope spectrum based on prior-unknown blind deconvolution technique. Signal Process. 2021, 183, 107997. [Google Scholar] [CrossRef]

	



Tang, M.; Liao, Y.; Duan, R.; Xue, J.; Zhang, X. Bearing Fault Diagnosis Based on the Maximum Squared-Enveloped Multipoint Kurtosis Morphological Deconvolution. IEEE Trans. Instrum. Meas. 2022, 71, 3509711. [Google Scholar] [CrossRef]

	



Miao, Y.; Wang, J.; Zhang, B.; Li, H. Practical framework of Gini index in the application of machinery fault feature extraction. Mech. Syst. Signal Process. 2022, 165, 108333. [Google Scholar] [CrossRef]

	



Meng, Z.; Cui, Z.; Liu, J.; Li, J.; Fan, F. Maximum Cyclic Gini Index Deconvolution for Rolling Bearing Fault Diagnosis. IEEE Trans. Instrum. Meas. 2023, 72, 1–12. [Google Scholar] [CrossRef]

	



Zhou, Q.; Yi, C.; Yan, L.; Huang, C.; Lin, J. A Blind Deconvolution Approach Based on Spectral Harmonics-to-Noise Ratio for Rotating Machinery Condition Monitoring. IEEE Trans. Autom. Sci. Eng. 2023, 20, 1092–1107. [Google Scholar] [CrossRef]

	



Fu, L.; Zhang, P.; Ding, M.; Wang, S.; Xu, F.; Ma, Z. A Novel Composite Envelope Negentropy Deconvolution Reconstruction Method for Fault Diagnosis. IEEE Trans. Instrum. Meas. 2024, 73, 6500814. [Google Scholar] [CrossRef]

	



Du, Z.; Chen, X.; Zhang, H. Convolutional Sparse Learning for Blind Deconvolution and Application on Impulsive Feature Detection. IEEE Trans. Instrum. Meas. 2018, 67, 338–349. [Google Scholar] [CrossRef]

	



Du, Z.; Zhang, H.; Chen, X. Nonnegative bounded convolutional sparsity learning algorithm for envelope blind deconvolution. In Proceedings of the IEEE International Instrumentation and Measurement Technology Conference (I2MTC), Auckland, New Zealand, 20–23 May 2019. [Google Scholar]

	



Du, Z.; Chen, X.; Zhang, H.; Yang, Y. Low-rank enhanced convolutional sparse feature detection for accurate diagnosis of gearbox faults. Mech. Syst. Signal Process. 2021, 150, 107215. [Google Scholar] [CrossRef]

	



Xing, Z.; Yi, C.; Lin, J.; Zhou, Q. Multi-component fault diagnosis of wheelset-bearing using shift-invariant impulsive dictionary matching pursuit and sparrow search algorithm. Measurement 2021, 178, 109375. [Google Scholar] [CrossRef]

	



Zhang, Z.; Wang, P.; Ding, J. Fault detection and analysis for wheelset bearings via improved explicit shift-invariant dictionary learning. ISA Trans. 2023, 136, 468–482. [Google Scholar] [CrossRef] [PubMed]

	



Yi, C.; Ran, L.; Tang, J.; Jin, H.; Zhuang, Z.; Zhou, Q.; Lin, J. An Improved Sparse Representation Based on Local Orthogonal Matching Pursuit for Bearing Compound Fault Diagnosis. IEEE Sens.J. 2022, 22, 21911–21923. [Google Scholar] [CrossRef]

	



He, L.; Yi, C.; Zhou, Q.; Lin, J.H. Fast Convolutional Sparse Dictionary Learning Based on LocOMP and Its Application to Bearing Fault Detection. IEEE Trans. Instrum. Meas. 2022, 71, 3519012. [Google Scholar] [CrossRef]

	



Wang, R.; Ding, X.; He, D.; Li, Q.; Li, X.; Tang, J.; Huang, W. Shift-Invariant Sparse Filtering for Bearing Weak Fault Signal Denoising. IEEE Sens.J. 2023, 23, 26096–26106. [Google Scholar] [CrossRef]

	



Lu, Y.; Liang, C.; Zhu, D.; Gao, Q.; Sun, D. Bearing Fault Diagnosis Using Convolutional Sparse Representation Combined With Nonlocal Similarity. IEEE Sens.J. 2023, 23, 5937–5948. [Google Scholar] [CrossRef]

	



Fang, B.; Hu, J.; Yang, C.; Cao, Y.; Jia, M. A blind deconvolution algorithm based on backward automatic differentiation and its application to rolling bearing fault diagnosis. Meas. Sci. Technol. 2021, 33, 025009. [Google Scholar] [CrossRef]

	



Jia, X.; Zhao, M.; Di, Y.; Jin, C.; Lee, J. Investigation on the kurtosis filter and the derivation of convolutional sparse filter for impulsive signature enhancement. J. Sound Vib. 2017, 386, 433–448. [Google Scholar] [CrossRef]

	



Zhou, Q.; Yi, C.; Yan, L.; Huang, C.; Song, X.; Xu, D.; Zhou, L.; Lin, J. Multi-Node Feature Learning Network Based on Maximum Spectral Harmonics-to-Noise Ratio Deconvolution for Machine Condition Monitoring. IEEE Trans. Autom. Sci. Eng. 2023, 1–13. [Google Scholar] [CrossRef]

	



Miao, Y.; Li, C.; Shi, H.; Han, T. Deep network-based maximum correlated kurtosis deconvolution: A novel deep deconvolution for bearing fault diagnosis. Mech. Syst. Signal Process. 2023, 189, 110110. [Google Scholar] [CrossRef]

	



Monga, V.; Li, Y.; Eldar, Y.C. Algorithm Unrolling: Interpretable, Efficient Deep Learning for Signal and Image Processing. IEEE Signal Process. Mag. 2021, 38, 18–44. [Google Scholar] [CrossRef]

	



Zhang, H.; Lin, J.; Du, Z.; Li, Y. Multi D-norm Driven Algorithm Unfolding Network: A Rolling Bearing Fault Feature Extraction Method. In Proceedings of the 2023 6th International Conference on Information Communication and Signal Processing (ICICSP), Xi’an, China, 23–25 September 2023; pp. 1273–1278. [Google Scholar] [CrossRef]

	



Borghesani, P.; Herwig, N.; Antoni, J.; Wang, W. A Fourier-based explanation of 1D-CNNs for machine condition monitoring applications. Mech. Syst. Signal Process. 2023, 205, 110865. [Google Scholar] [CrossRef]

	



Hou, L.; Yi, H.; Jin, Y.; Gui, M.; Sui, L.; Zhang, J.; Chen, Y. Inter-shaft bearing fault diagnosis based on aero-engine system: A benchmarking dataset study. J. Dyn. Monit. Diagn. 2023, 2, 228–242. [Google Scholar] [CrossRef]








[image: Sensors 24 02624 g001] 





Figure 1. Flow diagram of the proposed AMD-SUDN. 
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Figure 2. Comparative analysis of PMI and MPMI indexes: (a) time-domain waveform of the simulated signal, (b) PMI spectrum of the Hilbert envelope signal, and (c) PMI spectrum based on the MaxPooling operation. 
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Figure 3. The simulation signal. (a) Waveform of the signal, (b) envelope spectrum of the signal. 






Figure 3. The simulation signal. (a) Waveform of the signal, (b) envelope spectrum of the signal.



[image: Sensors 24 02624 g003]







[image: Sensors 24 02624 g004] 





Figure 4. The effect of pool size P on MPMI. 
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Figure 5. Filtered signal for each layer of the AMD-SUDN. (a) Waveform of the first layer, (b) envelope spectrum of the first layer, (c) waveform of the second layer, (d) envelope spectrum of the second layer, (e) waveform of the final layer, (f) envelope spectrum of the final layer. 
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Figure 6. Deconvolution results of the simulated signal. (a) Filtered signal of MCKD and (b) its envelope spectrum, (c) filtered signal of CYCBD and (d) its envelope spectrum, (e) filtered signal of BAD-MOMED and (f) its envelope spectrum, and (g) filtered signal of the AMD-SUDN and (h) its envelope spectrum. 
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Figure 7. Localized time-domain plot of the filtered results. (a) Filtered signal of MCKD, (b) filtered signal of CYCBD, (c) filtered signal of BAD-MOMED, (d) filtered signal of the AMD-SUDN. 
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Figure 8. The test rig for bearing faults. 
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Figure 9. Raw signal of rolling bearing with an outer race defect. (a) Waveform of the signal, (b) envelope spectrum of the signal. 
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Figure 10. Deconvolution results of the rolling bearing with an outer race defect. (a) Filtered signal of MCKD and (b) its envelope spectrum, (c) filtered signal of CYCBD and (d) its envelope spectrum, (e) filtered signal of BAD-MOMED and (f) its envelope spectrum, (g) filtered signal of the AMD-SUDN and (h) its envelope spectrum. 
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Figure 11. Raw signal of an inter-shaft bearing with an outer race defect. (a) Waveform of the signal, (b) envelope spectrum of the signal. 






Figure 11. Raw signal of an inter-shaft bearing with an outer race defect. (a) Waveform of the signal, (b) envelope spectrum of the signal.



[image: Sensors 24 02624 g011]







[image: Sensors 24 02624 g012] 





Figure 12. Deconvolution results of the inter-shaft bearing with an outer race defect. (a) Filtered signal of MCKD and (b) its envelope spectrum, (c) filtered signal of CYCBD and (d) its envelope spectrum, (e) filtered signal of BAD-MOMED and (f) its envelope spectrum, (g) filtered signal of AMD-SUDN and (h) its envelope spectrum. 
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Table 1. Parameters of the simulation signal.
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	Fs (Hz)
	FCF (Hz)
	Amplitude (g)
	SNR (dB)
	   ξ   
	   f d    (Hz)





	12,000
	210
	1
	−5
	1256
	2000










 





Table 2. Parameter selection for the AMD-SUDN.
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	K
	L
	Multi D-Norm
	Times (s)





	
	100
	6.65
	1.80



	
	200
	8.05
	1.73



	3
	300
	8.36
	1.84



	
	400
	8.59
	1.84



	
	500
	8.51
	1.80



	2
	
	8.39
	1.55



	3
	
	8.59
	1.84



	4
	400
	8.58
	2.26



	5
	
	8.59
	2.29



	6
	
	8.57
	3.07
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