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Abstract

:

As the core equipment of wind turbines, rolling bearings affect the normal operation of wind power generators, resulting in huge economic losses and significant social impacts in the case of faults. Most faults are not easily found because of the small vibration response of these rolling bearings that operate in harsh conditions. To address the problem that the fault identifications of rolling bearings are disturbed by the strong noise in wind power generators, an adaptive nonlinear method based on a piecewise hybrid stochastic resonance system with a novel cross-correlation spectral kurtosis is proposed. Then, the vibration signals collected from the fault point of the outer and inner rings are used to clarify the outstanding capability of the proposed method when compared with the maximum cross-correlation-kurtosis-based unsaturated stochastic resonance method. Furthermore, the machine learning method based on the medium tree was adopted to further prove the excellent performance of the piecewise hybrid stochastic resonance system with a novel cross-correlation spectral kurtosis for realizing the efficient detection of rolling bearing faults in wind power generators, which has important innovation significance and practical engineering value for ensuring the safe and stable operation of wind turbines.
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1. Introduction


Energy is a necessary condition for economic development and plays an irreplaceable role in promoting human historical progress. Fossil fuels, such as natural gas, oil, and coal, have important positions in the energy supply [1,2]. Wind energy is a renewable energy and is meaningful for large energy storage with the flash point of being sustainable and pollution-free. Compared with hydropower and nuclear energy, the development of wind energy has little impact on the natural and ecological environments, low danger risk, and no secondary pollution to the environment. Meanwhile, compared with solar energy, the utilization of wind energy is unrestricted by objective factors such as the season, climate, and region [3,4]. Therefore, wind energy is considered to be the most promising renewable source in the future.



The high cost of the rapid development of wind power generators includes the operation and maintenance [5,6]. The operational quality of wind power generators is tested in harsh working environments including extreme weather conditions such as lightning, rainstorms, ice and snow, wind and sand in desert areas, and salt fog at sea [7,8]. The results show that the impact load on each component changes in real time, and an uncontrollable impact significantly increases the probability of a fault under the action of an alternating load. Wind turbines can convert mechanical energy into electrical energy, which is an important component. The energy conversion of wind turbines depends on the rotation of bearings [9,10]. Furthermore, the fault rate of wind turbine bearings is significantly higher than that of bearings under normal operation. If the inherent bearings encounter faults, the wind turbine is difficult to operate in an extreme environment. Moreover, it is inconvenient to hoist and replace mechanical transmission components, and the maintenance is extremely difficult and expensive [11]. Accordingly, the fault diagnosis of the running state of rolling bearings has important practical significance for the stable operation of wind turbines and reducing economic losses [12].



However, the fault features of wind turbine bearings are always too weak to detect for complex noise [13,14]. The key to extracting the bearing fault signals is to extract a weak signature under a strong background noise. Many researchers have used novel methods and technologies to explore wind turbine bearing fault extraction. Herp et al. [15] studied the Gaussian process and Bayesian reasoning methods, and applied them to wind turbine state prediction, which can achieve a high accuracy prediction of bearing faults. Shi et al. [16] proposed the innovative empirical mode decomposition method and applied it to the cascaded multi-stable stochastic resonance system, which not only reduced the decomposition layers, but also efficiently removed the high-frequency noise. Combined with bidirectional long short-term memory, Xu et al. [17] developed a multiscale convolutional neural network model to improve the generalization ability in complex working and testing environments to extract the fault feature by the intelligent models. However, accurate diagnostic results of characteristic frequencies are difficult to obtain using traditional methods for vibration signal analysis, therefore, requiring more advanced methods. Wang et al. [18] proposed an unsaturated stochastic resonance (USR) theory with the detection index of the maximum cross-correlation kurtosis (MCCK), which improved the fault diagnosis ability of rolling bearings. Lu et al. [19] analyzed a full-wave signal construction algorithm to improve the capability of stochastic resonance to extract the fault feature. Li et al. [20] proposed a new stochastic resonance method under frequency shift multi-scale noise, and the target signal moved into the designated low-frequency domain via the newly proposed method, which was applied to improve the bearing fault features from the wind turbine. The above methods are of great significance in research on the weak bearing fault diagnosis. Furthermore, the stochastic resonance method was employed to extract the fault features of rolling bearings. However, when detecting the fault signatures of wind turbine bearings in a background of strong noise, the accuracy of system detection using the stochastic resonance method still requires improvement.



In recent years, researchers have conducted in-depth studies on the evaluation models of rolling bearing inspection systems. By constructing a composite function of the feedback strength, delay time, and signal-to-noise ratio, Xia et al. [21] combined the delay time with the best feedback strength, reconstructed the delay feedback stochastic resonance, effectively improved the signal-to-noise ratio, and accurately extracted the fault signature frequency. Li et al. [22] studied the tri-stable potential function and its shape change characteristics; introduced delay, feedback, and damping parameters; and considered the output signal-to-noise ratio (SNR) as the evaluation standard, which determined the parameter optimization effect of the adaptive algorithm and improved the ability to extract weak fault information. Antoni [23] investigated a method for bearing fault diagnosis with spectra, which was defined as the evaluation function, selected the frequency band sensitive to pulse characteristics, extracted the vibration signals in this frequency band, and identified the bearing fault diagnosis. Elforjani et al. [24] proposed a signal strength estimation method, which was superior to the traditional wave crest factor and kurtosis index and was suitable for fault detection of mechanical components in terms of the early fault detection of fan bearings. Jing et al. [25] studied the generalized correlation coefficient and adaptive stochastic resonance, which can be combined to process the vibration signal. Tao et al. [26] studied the measurement index and proposed the cross-correlation coefficient for the feature extraction of the stochastic resonance method when processing multi-frequency periodic signals. However, the traditional detection index affected the extraction ability of the rolling bearing fault feature frequency.



In this study, a nonlinear system based on the adaptive piecewise hybrid stochastic resonance (APHSR) model was proposed, and an innovative cross-correlation spectrum kurtosis (CSK) is defined as the detection index of the APHSR model to automatically derive the characteristic frequency of rolling bearings. Cooperating with Beijing Vrita Measurement and Control System Co., Ltd.,Beijing, China, vibration data were collected regarding the rolling bearing faults located on the outer and inner rings in wind turbines. Compared with the USR method with the MCCK index, the proposed method had a higher performance on fault frequency detection. Furthermore, 300 groups of original signals and signals were processed by the CSK-based APHSR method and CSKMCCK-based USR method, and then machine learning was employed to determine the recognition rate. Furthermore, the advantages of the CSK-based APHSR method are verified to improve the current weak bearing fault diagnosis ability in wind power generator under a strong noise background. Furthermore, we designed the fault diagnosis software of the rolling bearing of the wind turbine using the method proposed in this manuscript, and, cooperating with Beijing Veritas Measurement and Control System Co., Ltd., Beijing, China, combining the developed online monitoring vibration data acquisition and control software of the wind turbine and the online monitoring data acquisition software of the wind turbine, the real-time bearing vibration signal was collected and inputted into the bearing fault diagnosis software to determine the bearing status, which can be realized for the online detection of errors caused by the vibration of wind turbine bearings and preventing faults with the CSK-based APHSR method.



The structure of the manuscript is organized below. The CSK-based APHSR method is briefly introduced in Section 2, which goes deeply into the benefits of noise and enhances the weak signature through an adaptive piecewise hybrid stochastic resonance method with the detection index of the CSK function. Subsequently, vibration signals, including the fault points of rolling bearings located on the inner and outer rings of the wind power generator, were processed by the CSK-based APHSR method and the USR method with the MCCK index, as presented in Section 3. In addition, an artificial intelligence-based technique was employed to verify the recognition rate of 300 groups of signals generated from the original signals and processed using the CSK-based APHSR method, as well as the USR method with the MCCK index. Finally, Section 4 summarizes the conclusions of this manuscript.




2. Formulation Analysis


2.1. Adaptive Piecewise Hybrid Stochastic Resonance Model


Generally, a nonlinear system is constructed using piecewise hybrid stochastic resonance, and the corresponding Langevin equation is [27] expressed as follows:


  U ( x ) =       −      a 3  / b     4   μ − 1     ( x + μ   a / b   ) , x < −   a / b   ,       −  a 2   x 2  +  b 4   x 4  ,     a / b   ≤ x ≤ −   a / b   ,            a 3  / b     4   μ − 1     ( x − μ   a / b   ) , x >   a / b   .        



(1)




where a and b are all of the positive parameters, and μ is a parameter which cannot be equal to one. s(t) is the periodic signal and n(t) is the noise signal, which is equal to zero. The potential function V(x) of the piecewise hybrid stochastic resonance is expressed as follows:


  V ( x ) = U ( x ) − x A cos ( 2 π  f 0  t + ϕ ) .  



(2)







In addition, a critical amplitude was set to ensure that the stochastic resonance system maintains a bistable structure. When   A cos ( 2 π  f 0  t + ϕ )   reaches the extreme value, it will be a multi-stable structure for the potential function instead of being bistable. Consequently, the smaller the critical amplitude is, the easier it is to achieve a stochastic resonance station.   A cos ( 2 π  f 0  t )   achieves the maximum when   t = − ϕ / ( 2 π  f 0  )  , and the expression of U(x) of traditional stochastic resonance is functioned as [28]:


          d U ( x )   d x   = − a x + b  x 3  − A = 0 ,          d 2  U ( x )   d  x 2    = − a + 3 b  x 2  = 0        



(3)







Accordingly, the critical amplitude of the APHSR method is shown below:


          d U ( x )   d x   = −      a 3  / b     4 ( μ − 1 )   − A = 0 , x < −   a / b   ,         d U ( x )   d x   = − a x + b  x 3  − A = 0 , −   a / b   ≤ x ≤   a / b   ,         d U ( x )   d x   =      a 3  / b     4 ( μ − 1 )   − A = 0 , x >   a / b   .        



(4)







The critical amplitude is obtained as follows:


  Ac =       −      a 3  / b     4 ( μ − 1 )   , x < −   a / b   ,           4  a 3    27 b     , −   a / b   ≤ x ≤   a / b   ,            a 3  / b     4 ( μ − 1 )   , x >   a / b   .        



(5)







We set the input signal as   s ( t ) = A cos ( 2 π f t )  , the three parameters of the stochastic resonance method were a = b = 0.5, f was the frequency with the value of 0.01 Hz, fs was the sampling frequency with the value of 10 Hz, the amplitude was A = 0.5 V [29], and the parameter μ was varied as   μ =   1.5   ,   1.75   ,  2  ,  3  , 2  . Figure 1a shows that the Ac of the theory decreased with the increase of the parameter µ, and was even lower when compared with the USR method when   μ =  2    and the classical bistable stochastic resonance (CBSR) model when   μ = 3  3  / 8  . Figure 1b shows the results of the numerical simulation of the APHSR method, where the output amplitude increased with the increasing µ, which indicated its great significance.



To further verify parameter µ, the adiabatic approximation theory and Kramer’s escape rate were used to obtain the formula derivation of Kramer’s escape rate. According to the adiabatic approximate theory [30,31], the formula of Kramer’s time is expressed as follows:


   r −  − 1   ( t ) =  1 D       ∫  − μ   a / b     −   a / b      exp   −      a 3  / b     4 D   (   x + μ   a / b     1 − μ   )      d x   ×      ∫  −   a / b    0   exp    1 D  ( −  a 2   x 2  +  b 4   x 4  )      d x   .  



(6)




where    τ ±    is the mean first passage time. Under the conditions of   D < <  1 ,  A < < 1   [32], it can be obtained for the final results that:


   r −  − 1   ( t ) ≈   4 ( μ − 1 )  a  exp (    a 2    4 b D   ) .  



(7)







Accordingly,


     r +  − 1   ( t ) =  1 D       ∫ 0    a / b      exp    1 D  ( −  a 2   x 2  +  b 4   x 4  )      d x   ×      ∫    a / b     μ   a / b      exp        a 3  / b     4 D   (   x + μ   a / b     1 − μ   )      d x                                        ≈   4 ( μ − 1 )  a  exp (    a 2    4 b D   ) .    



(8)







Therefore, the formula of Kramer’s escape rate of the piecewise hybrid stochastic resonance theory is:


   r k   =  a  4 ( μ − 1 )   exp ( −    a 2    4 b D   ) .  



(9)







The input signal of the bistable theory was set as   s ( t ) = A cos ( 2 π f t )  , the theory parameters a and b were set to 1, signal frequency f was set to 0.15 Hz, the sampling frequency fs was set to 10 Hz, the amplitude A was set to 1.2 V, and the new μ values were   μ =   1.5   ,   1.75   ,   2.0   ,   3.0   , 2.0  . From Figure 2, it can be seen that Kramer’s escape rate of the APHSR theory was always higher than that of the CBSR method and higher than that of the USR theory when   μ >  2   . It is clear that µ had an effective influence on the escape rate and the stochastic resonance generation.



The APHSR theory exhibited a higher amplitude and clearer output compared with the CBSR and USR theories. Moreover, the results indicated that the APHSR theory was more robust for detecting weak signals under heavy noise.




2.2. Novel Evaluation Function of Cross-Correlated Spectrum Kurtosis


The kurtosis (K) index is a dimensionless parameter, and is particularly sensitive to impact signals, which is especially suitable for the diagnosis of surface damage faults. The kurtosis value of the vibration signal,    X o   , via a stochastic resonance system should be satisfied as [33,34]:


  K (  X ˜  ) =   E (        X o   ˜     4  )       E (        X o   ˜     2  )      2 ′      .  



(10)




where the mathematical expectation operator is expressed as   E ( ⋅ )  .



Furthermore, the correlation coefficient (C) indicates the closeness of the correlations between two random variables. When the closeness is higher than a certain value, then the two random variables are related. Otherwise, it is irrelevant. Function C was calculated between signals using [35]:


  C =     ∑  n = 1   2 N − 1     X o  ( n )  X i  ( n )         ∑  n = 1   2 N − 1     X o 2  ( n )   ∑  n = 1   2 N − 1     X i 2      ( n )     .  



(11)




where N represents the sampling points of signal.



As shown, the kurtosis value is usually considered to express the signatures of the signal around its average value, and has the advantages in characterizing the transient pulse, while C can be used to measure the relevant information between vibration signals. Therefore, the cross-correlation spectral kurtosis index function is designed based on the advantages of the kurtosis function and the cross-correlation function to quantitatively evaluate the detection ability of the bearing fault system under the background of complex noise in the frequency domain, as is expressed below:


  CSK =   n   ∑  n = 1  N          R s  ( n ) −    R s   −     2  ⋅      Y s  ( n ) −    Y s   −     2            ∑  n = 1  N      R s  ( n ) −    R s   −       2  ⋅     ∑  n = 1  N      Y s  ( n ) −    Y s   −       2    .  



(12)




where    Y s    represents the spectrum of the output signal    X o   ,     Y ¯  s    represents the mean of    Y s   ,    R s    represents the spectrum of the pulse signals    R n   ( t )   , which is used to generate a series of transient fault features.     R ¯  s    is the mean of    R s   ,and    R n   ( t )    can be expressed as the following simulation model [36,37]:


   R n   ( t )  = B ( t )   ∑ q   R ( t − q /  f 0  ) + N ( t )   .  



(13)




where q represents the number of transients,   B ( t )   denotes the repetitive transients’ amplitude, N(t) represents random noise, and f0 denotes the frequency of fault feature. The function of periodic impulse is   R  ( t )   , which is given by:


  R  ( t )  =       exp ( −  β w  t ) sin ( 2 π  f  r e   t ) , t > 0 ,       0 ,                                       t ≤ 0 .        



(14)




where fre represents the resonance frequency, βw represents the structural damping ratio, the sampling frequency is fs, and the sampling time is t.




2.3. Proposed CSK-Base APHSR system


For the proposed model, CSK was the evaluation criterion for the parameters determined by the three-dimensional reverse positioning methods. Figure 3 depicts the corresponding flowchart.



It can be seen from Figure 3 that n1, n2, and n3 were the cycles of parameters a, b, and µ of the APHSR theory, respectively. The form of CSK was a matrix (n1, n2, n3). We set and changed the parameters a, b, and µ step-by-step and calculated and stored the CSK values of the output signal in the matrix. Then, we calculated the maximum value of the CSK matrix. According to the position of CSKmax, the three-dimensional reverse positioning method was applied to automatically locate the position of the optimal parameters a, b, and µ [38].



As shown in Figure 4, the APHSR method was adopted with a new detection function CSK aimed at the research problem of rolling bearing faults located on the wind power generator, which can intelligently analyze the obtained signals, as well as identify the characteristic frequency of rolling bearing faults. The diagrammatic sketch using the CSK-based APHSR method for weak fault detection from a wind power generator bearing is shown as below:




	
Pre-processing of signals: the empirical mode decomposition method was used for the vibration signals obtained from wind power generators to obtain intrinsic mode functions. The energy density and the correlation coefficient methods were used to reduce high- and low-frequency noises, respectively [39]. Therefore, a filtered signal could be acquired when the remaining components were reconstructed.



	
Determination of the optimal parameters: the scopes of parameters a, b, and µ were set as (0, 20], (0, 20], and (0, 1)∪(1, 3), respectively, and CSK was calculated as the parameters varied. Thereafter, the three-dimensional reverse positioning method was used for obtaining the optimal parameters of the APHSR method from the corresponding position.



	
Extraction of fault feature: with the optimal condition of the APHSR theory, the fault characteristics of vibration signals under heavy background noise were effectively detected. Furthermore, machine learning based on a medium tree was adopted to verify the outstanding ability of the CSK-based APHSR method on intelligent feature frequency detection.










3. Engineering Applications


As an important mechanism equipment to obtain electrical energy converting from green wind energy, the basic structure of wind turbines comprises blades, a transmission system, and a generator. Wind power generators are one of the most critical components of wind turbine equipment. Once the fault occurs, it causes major economic losses because bearings are widely used in wind power generation. To reduce the risk of the catastrophic fault of the machine and to ensure the safety of personnel, it is meaningful to study the weak fault extraction of rolling bearings located on the wind turbine.



The maintenance personnel found abnormal noises in the wind turbine at the XX wind power generation work site. When there is a damage on the local surface of the gearing, bearings, or shafts of wind power generators and the element passes through a certain defect, a weak impact signal is generated. The impact energy generated in the gearing, bearings, or shafts can excite the vibration of the natural frequency of each component, and the vibration energy will decrease with the damping of the mechanical structure. The impact pulse signal generated by the local defects has different specific frequencies at different positions, and its size is determined by the rotation speed and model. Therefore, the fault location on gearing, bearings, or shafts is located according to different feature frequencies. With cooperation from Beijing Vrita Measurement and Control System Co., Ltd., Beijing, China, as is shown in Figure 5, a diagnosis system of CSK-based APHSR method for fault bearings located on wind power generator is designed for improving the detection performance and conducting a detailed inspection of the rolling bearings in a wind turbine.



3.1. Outer Ring Fault of Bearing


The maintenance personnel detected the internal structure of the drive end of the XX wind power generator, and a schematic of its constituent rolling bearing is presented in Figure 6. Dents with faults can be observed on the rolling bearing’s outer ring at the driving end of the wind power generator.



Under the action of the wind, the wind turbine blades are driven to rotate, and the speed is raised and transmitted to the generator through the speed increase gearbox, which is the working principle of the wind turbine generator. The stable speed of the wind turbine was 1700–1800 r/min. The test point was located at the radial position at the driving end of the wind power generator. Data acquisition was started using the control software, and the vibration signal of the test point was collected through the acceleration sensor. As an important element, the sensor used in the fault diagnosis system of the wind power generator of rolling bearing was a piezoelectric acceleration sensor, which uses piezoelectric material as the conversion element and its output is an electrical signal proportional to the acceleration. Through the acceleration sensor, the bearing vibration signal was converted into electrical signal. The WindCMS data collector, developed by Beijing Veritas Measurement and Control System Co., Ltd., Beijing, China, collected the vibration data of the rolling bearing and then inputted it to the proposed CSK-based APHSR method for processing. We set the number of sampling points as 65,536, the rotating speed as 1805.37 rpm, and the sampling frequency fs as 25.6 kHz. The parameters of the rolling bearings of the wind power generator are listed in Table 1.



According to the vibration analysis theory and the fault rolling bearing parameters of the wind power generator detailed from Table 1, the rotation frequency of motor bearing was 30.09 Hz. After theoretical calculations, the values of fault feature frequency of the outer ring and inner ring were 94.3 Hz and 146.42 Hz, respectively. Figure 7 displayed the collected vibration data in the time and frequency domain.



As shown in Figure 7a, the bearing fault surrounded by the complex background noise in time domain was unclear. From Figure 7b of the frequency-domain spectra, the peaks of the fault feature frequency at the bearing outer ring and its harmonics could not be seen obviously, where the fault feature frequency at the bearing outer ring and its harmonics were submerged by complex background noise. Thus, it is difficult to extract the bearing fault of the outer ring due to the high levels of noise at the feature frequency of 95.31 Hz.



The vibration signals were inputted into the APHSR method with the CSK index and USR method with the MCCK index. The parameters of    R n   ( t )    were set as    β w  = 666.67  ,    f  r e   = 1683.4   Hz  ,    f 0  = 95.3   Hz  , and   t = 0.64   s  . After applying the CSK-based APHSR method, we performed the calculations using the optimal parameters of   a = 5  ,   b = 1.2  , and   μ = 2  . From Figure 8c,d, the waveform and spectrum of the processed signals are displayed, respectively. The peaks of the fault feature frequency at the bearing outer ring was eye-catching, with a value of 95.31 Hz, and was consistent with the theoretical value (94.3 Hz) and extracted the fault on the outer ring bearing. Meanwhile, the noise energy had been transferred and weakened via the APHSR method with the CSK index and the energy of the fault feature had been amplified. Furthermore, the SNR value of output signal was −11.1586 dB, and increased by 33.3288 dB when compared with the initial signals. The optimal parameters of the USR method with the MCCK index were calculated as   a = 10   and   b = 0.7  . From Figure 8a,b, although the feature frequency can be observed by the MCCK-based USR method, a lot of noise was presented from the running environment, and the SNR value of output signal was −15.0771 dB and decreased by 3.9185 dB when compared with the CSK-based APHSR method. Therefore, the results indicated the excellent ability of the proposed method to extract noised vibration signals from a wind power generator.



For further study of the diagnosis ability of the rolling bearing with the wind power generator, the machine learning method based on the medium tree was adopted on the engineering signals, including the original signals from the drive end of the wind power generator and those signals processed by MCCK-based USR and CSK-based APHSR methods. As is known, using artificial intelligent method to realize the bearing fault diagnosis requires numerous training samples. Therefore, the vibration signal was truncated by the segmented overlapping interception method. The intercept from the first point of the vibration signal to the nth point was taken as the sample of the first signal, and the intercept from (n − m) points to (2n − m) points was taken as the sample of the second signal until the end of the signal. The total N samples were taken to complete the sample signal interception. Figure 9 shows the recognition rates of 300 groups of outer ring fault of the original signals and signals processed by two different methods.



Based on the confusion matrix, although 9% of data were misidentified as original signals and 5% of data were misidentified as the CSKMCCK-based USR method, the CSK-based APHSR method exhibited the highest recognition rate of approximately 86%, which was 33% and 5% greater when compared with the original signals and the CSKMCCK-based USR method. The result demonstrated the higher performance of the CSK-based APHSR method than the CSKMCCK-based USR method.




3.2. Inner Ring Fault of Bearing


The staff detected the internal structure of the driving end of a certain type of wind power generator. A diagram of the rolling bearing is provided in Figure 10. Many dents were apparent on the inner ring of the rolling bearing at the driving end of the wind power generator, which affected the healthy operation of the wind turbine and the economic benefits.



The test point was located at the radial position at the driving end of the wind turbine. Data acquisition started using the control software, and the vibration signal of the test point was collected through the acceleration sensor. The data from the driving end of the generator were extracted and analyzed using the proposed CSK-based APHSR method. We set the rotating speed as 1802.45 rpm, the number of sampling points as 65,536, and the sampling frequency fs as 25.6 kHz. Table 1 presented the parameters of the generator rolling bearings.



Based on the vibration analysis theory, the bearing rotation frequency of the wind power generator was calculated as 30.04 Hz, and the theoretically evaluated fault frequency of the bearing inner rings was calculated as 146.17 Hz. To acquire the feature frequency, the waveform and spectra of the input signals for the collected vibration signals of wind power generator are presented in Figure 11. Depending on the input bearing vibration signals, whether the fault existed at the inner ring could not be judged because the weak fault feature occurring on the inner ring were surrounded by the external complex noise and interference of the measuring instruments. We noted that determining the fault characteristic frequency of 146.5 Hz either from the waveform or the spectra was imprecise because of the complex noise. Moreover, it was worth noting that the rotation frequency amplitude was higher than the characteristic frequency of the fault located on the inner ring.



To decrease the potential danger from the fault bearing of wind power generator and to improve the economic benefits of the wind turbines, the vibration signals were processed using the CSK-based APHSR method, as well as the MCCK-based USR method. The parameters of    R n   ( t )    were set as    β w  = 666.67  ,    f  r e   = 1683.4   Hz  ,    f 0  = 146.5   Hz  , and   t = 0.64   s  . After applying the APHSR method with the CSK index, we performed the calculations for the optimal parameters set as   a = 0.47  ,   b = 0.34  , and   μ = 0.2  . From Figure 12c,d it can be seen that the energy of noise in the raw vibration signal had been transferred and eliminated, and the spectral peak at the inner ring fault feature was dominant, indicating the very clear feature frequency of 146.5 Hz consistent with the theoretical value of 146.17 Hz and demonstrating the extraction of the fault on the outer ring bearing. That is, the CSK-based APHSR method was capable of eliminating the noise energy and improving the fault feature energy submerged in the complex noise. Furthermore, the SNR value of the output signals was −14.5513 dB, and increased by 32.2912 dB when compared with the initial signals. Meanwhile, the amplitude of the rotation frequency was lower than the feature frequency of the inner ring fault. Regarding the USR method with the MCCK index, it was calculated for the optimal parameter values set as   a = 1.6   and   b = 0.1  , and the corresponding waveform and spectra of the CSKMCCK-based USR method are presented in Figure 12a,b, respectively. A high rotation frequency could lead to incorrect judgment results, and the weak fault of the inner ring could be ignored. Furthermore, the SNR value of output signals of the proposed CSK-based APHSR method increased by 7.3528 dB compared with the CSKMCCK-based USR method. The results demonstrated the better performance of the CSK-based APHSR method on signal’s detection from complex noise.



Similarly, machine learning based on the medium tree method was applied on the inner ring fault of motor bearing signals, including the original signals from the drive end of the wind power generator and those processed by the CSKMCCK-based USR and CSK-based APHSR methods. Figure 13 shows the recognition rates of 300 groups of inner ring fault of original signals and signals processed by two different methods.



Based on the confusion matrix, the recognition rate of the original signals was 77% and decreased by 10% when compared with the CSK-based APHSR method. Meanwhile, the recognition rate of the CSKMCCK-based USR method was 74%, which was 3% lower than the original signals and 13% lower than the CSK-based APHSR method because the amplified characteristic frequency during signal processing was the rotation frequency.



The above engineering results demonstrated the outstanding performance of the CSK-based APHSR method to detect the bearing fault features embedded in background noise from the operating environment.





4. Conclusions


This study proposed an APHSR method with a novel measurement technique to optimize the adjusted parameters and enhance the performance of the fault frequency diagnosis of wind power generators with complex noise. The results of the identification on the bearing vibration signal of wind power generator are summarized as follows.



	
The APHSR method with the novel CSK index exhibited an excellent capability of bearing fault extraction. In the proposed method, a novel CSK was designed based on the advantages of the kurtosis function and cross-correlation function to quantitatively evaluate the detection ability of the bearing fault system under the background of complex noise in the frequency domain. The vibration signal was an incipient signal that was related to the fault feature.



	
The proposed method presented an outstanding capability to detect the bearing fault frequency of a wind power generator. It was easier to recognize the feature frequency of the bearing fault after the proposed method. The SNR value of the output outer ring and inner ring signals of the proposed CSK-based APHSR method increased by 3.9185 dB and 7.3528 dB when compared with the CSKMCCK-based USR method. The results demonstrated the outstanding performance of the CSK-based APHSR method to extract the fault features of bearings embedded in complex noise.



	
Further research was conducted with machine learning based on the medium tree method to reveal the superiority of the APHSR method based on CSK. The recognition rate of the bearing outer ring processed by the CSK-based APHSR method increased by 33% and 5% when compared with the original signals and the CSKMCCK-based USR method. The recognition rate of the bearing inner ring processed by the CSK-based APHSR method increased by 10% and 13% when compared with the original signals and the CSKMCCK-based USR method. The proposed method could more effectively enhance the performance of bearing fault feature extraction when the wind turbines worked in harsh environments.



	
As the computational cost is of great significant for the processing of bearing fault diagnosis, it will be studied as an important index to improve the ability of fault detection in the future.
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Figure 1. Critical amplitudes and outputs via three different methods with parameter µ. 
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Figure 2. Kramer’s escape rate results via three different methods with parameter µ. 
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Figure 3. Flowchart of adaptive APHSR theory. 
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Figure 4. Proposed CSK-based APHSR method for bearing fault feature of wind power generator. 
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Figure 5. Vibration signals detection system of rolling bearing embedded in wind turbine generator. 
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Figure 6. Outer ring fault of rolling bearing at driving end of wind power generator. 
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Figure 7. Waveform and spectra of outer ring bearing vibration signals of wind power generator. 
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Figure 8. Waveform and spectra of outer ring signals processed by MCCK-based USR method and CSK-based APHSR method. 
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Figure 9. Recognition rates of outer ring: (a) original signals, and signals processed by (b) MCCK-based USR method and (c) CSK-based APHSR method. 
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Figure 10. The inner ring fault of rolling bearing at driving end of wind power generator. 
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Figure 11. Waveform and spectra of inner ring bearing vibration signals of wind power generator. 
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Figure 12. Waveform and spectra of inner ring signals processed by MCCK-based USR method and CSK-based APHSR method. 
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Figure 13. Recognition rates of inner ring: (a) original signals, and signals processed by (b) CSKMCCK-based USR method and (c) CSK-based APHSR method. 
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Table 1. Bearing parameters.
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	Component
	Mfg.
	Bearing No.
	# of

R. E.
	Outer Ring (Multiple of Running Speed in Hz)
	Inner Ring (Multiple of Running Speed in Hz)





	Bearing
	NSK
	6328
	8
	3.134 fr
	4.866 fr
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