

  applsci-10-00770




applsci-10-00770







Appl. Sci. 2020, 10(3), 770; doi:10.3390/app10030770




Article



Rolling Bearing Fault Diagnosis Based on Wavelet Packet Transform and Convolutional Neural Network



Guoqiang Li 1[image: Orcid], Chao Deng 1,*, Jun Wu 2,*[image: Orcid], Zuoyi Chen 1 and Xuebing Xu 2





1



School of Mechanical Science and Engineering, Huazhong University of Science and Technology, Wuhan 430074, China






2



School of Naval Architecture and Ocean Engineering, Huazhong University of Science and Technology, Wuhan 430074, China









*



Correspondence: dengchao@hust.edu.cn (C.D.); wuj@hust.edu.cn (J.W.)







Received: 31 December 2019 / Accepted: 21 January 2020 / Published: 22 January 2020



Abstract

:

Timely sensing the abnormal condition of the bearings plays a crucial role in ensuring the normal and safe operation of the rotating machine. Most traditional bearing fault diagnosis methods are developed from machine learning, which might rely on the manual design features and prior knowledge of the faults. In this paper, based on the advantages of CNN model, a two-step fault diagnosis method developed from wavelet packet transform (WPT) and convolutional neural network (CNN) is proposed for fault diagnosis of bearings without any manual work. In the first step, the WPT is designed to obtain the wavelet packet coefficients from raw signals, which then are converted into the gray scale images by a designed data-to-image conversion method. In the second step, a CNN model is built to automatically extract the representative features from gray images and implement the fault classification. The performance of the proposed method is evaluated by a real rolling-bearing dataset. From the experimental study, it can be seen the proposed method presents a more superior fault diagnosis capability than other machine-learning-based methods.
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1. Introduction


Bearings are the core component of rotating machinery such as wind turbines, aircraft and automobiles. Bearing failures may cause great economical loss and pose threats to operator security. Thus, the effective fault diagnosis of bearings is an important measure to maintain proper operation and reduce downtime of rotating machinery [1,2,3,4,5]. Up to now, the development of efficient bearing fault diagnosis methods has attracted many investigations [6,7].



Fault diagnosis methods mainly include two types, namely, model-based methods and data-driven methods [8,9,10]. The model-based methods generally relied on an accurate failure mechanism model, in which the mathematical methods were applied to demonstrate the failure and phenomenon of the monitored components. The type of methods is appropriate for fault diagnosis when the mechanism model can be constructed for these monitored components. In fact, it is difficult to construct an accurate failure mechanism model to cater for the changes of operation environments and the physical structure of the machine. In contrast, a data-driven method, needs not to consider the failure mechanism, and the fault diagnosis can be achieved just based on the condition signals without any failure mechanism knowledge.



A data-driven method generally includes two main phases: feature extraction and model selection and construction [11,12]. For the feature extraction, it has been proved that the useful feature extraction could improve the performance of fault diagnosis. As common feature extraction methods, time domain, frequency domain, and time-frequency domain analysis methods have been widely used to obtain the features from signals. Time domain analysis method extracts features such as kurtosis and skewness as the condition features of bearings. Frequency domain analysis methods are applied to unveil features such as the hidden frequency information from time series signals. Popular time-frequency domain analysis methods like the short-time Fourier transform and Hilbert–Huang transform are able to extract the frequency component and retain the time domain information, which also build a relationship between time domain and frequency domain. However, there are some limitations in those mentioned methods, such as fault features and noise interference being still difficult to separate effectively. For the model selection and construction, machine learning models, such as hidden Markov models [13], Bayesian networks [14], neural networks, and support vector machines [15], are commonly employed as the classification tool in the flied of fault diagnosis. Those methods often need to consider the tradeoff between fault diagnosis training cost, training efficiency, and applicability performance.



In the past, development of fault diagnosis, deep learning methods have emerged as an effective tool to achieve feature extraction and fault recognition due to their easy trainability and accurate classification performance. Generally, in a deep learning-based method, the features are extracted by multiple stacked layers, and then, output probabilities are calculated based on the last high-level abstraction data through the non-linear fitting operation of classification layer. Popular deep learning methods, such as deep neural networks (DNNs) [16] and auto-encoder [17], have been investigated, and they have shown their promising capability to capture representative features from input data by the linear and non-linear fitting operations. Sun et al. [18] developed an end-to-end fault diagnosis method based on sparse auto-encoder and DNN to address the fault identification problem, in which the representative features were extracted automatically from condition signals by the auto-encoder. However, when more layers are added to the deep learning model, the network parameters explode, which might lead to overfitting.



As an excellent deep learning method, convolutional neural networks (CNNs) have attracted much attention because adoption of the kernel sharing mechanism greatly reduces the number of network parameters and makes network training easier. After CNNs were first investigated in the field of image recognition, they have been effectively employed in various applications such as computer version [19], face recognition [20] and target detecting [21]. A large number of investigations on fault classification have benefit from CNN’s ability to extract high-level abstraction features. Chen et al. [22] presented a CNN-based method, in which CNN was used to extract the representative features from the designed input data. Yang et al. [23] developed a fault classification method, in which the hierarchical symbolic analysis was used to form the input of CNN, and the proposed CNN was applied to extract fault features and implement fault classification.



CNN-based fault diagnosis approaches have been presented and achieved success, but they usually rely on the designed features or manually generated input without considering the appropriate input selection and noise information weakening. As a useful time-frequency analysis method, wavelet packet transform (WPT) has proved capable to obtain low-frequency and high-frequency information [24,25,26]. Meanwhile, the low-frequency information could be selected, and the noise information could be discarded from this time-frequency information in some way. In this regard, WPT is suitable for handling the condition signals to eliminate the effect of noise interference.



In this paper, a two-step fault diagnosis method is proposed. In the first step, the WPT is used to obtain the wavelet packet coefficients from vibration signal, and then, the obtained coefficients are converted into 2-D format gray scale images through a designed data-to-image conversion method and used as the inputs of the constructed CNN. In the second step, a designed CNN model is applied to further extract the sensitive and robust discernable feature from these gray images to realize the fault identification. From the experiment’s study result, the proposed fault diagnosis method achieves an excellent diagnostic accuracy. The diagnostic accuracy of each bearing condition is over 92%. Moreover, it also presents more superior fault diagnosis capability than other popular machine learning-based methods.



The rest of this paper is organized as follows. The related work is described in Section 2. Section 3 shows the details of the proposed fault diagnosis method. The experimental evaluation is presented in Section 4. The conclusion is drawn in Section 5.




2. Related Work


2.1. Convolutional Neural Networks


In general, a CNN consists of convolutional layers, pooling layers, and fully connected layers. The trainable convolutional layer and the fully connected layer involve linear and non-linear operations, and the pooling layer is a statistical operation.



A. Convolutional Layer



In a convolutional layer, a bank of learnable Gaussian kernel filters is used to convolve with the input data to generate the feature maps. It can be presented as:


   X s k    =   f  (    ∑   j = 1  J   W  j s  k  ∗  X j  k  − 1      +    B s k   )   



(1)




where    X s k    is the   j th   feature map at (k−1)-th operation,    W  j s  k    is the kernel weight parameter in the   k  - th    operation between the   j  - th    input and the   s  - th    output, and    B s k    denotes the corresponding bias.   f  ( · )    represents nonlinear activation function. The rectified linear unit (ReLU) is usually applied to execute the activation operation due to its superior gradient performance, which is described as:


   y  i j k   l − 1     =    max   {  0 ,    x  i j k   l − 1    }   



(2)




where    x  i j k   l − 1     is the value of the coordinate (i, j) in k-th feature map of (l−1)-th layer.



B. Pooling Layer



The pooling layer is aimed to reserve spatial invariance and reduce the dimensionality of middle feature maps by using numerical statistics method. A customizable window of pooling operation is selected to slide it onto the input feature map to designate the operation area, and then, numerical statistic method is used to represent these values with a value and to reduce the resolution of the selected area. In this operation, the stride parameter of the pooling layer is needs to be chosen because it has a significant impact on the resolution reduction and the retention of numerical information. The max-pooling or average-pooling is usually used to execute the aggregation operation. The max-pooling is commonly applied in the CNN structure, and it can be defined as follows:


   x  i , j  l    =   max  (   x   i ′  ,  j ′    l − 1    )   



(3)




where   0   <    i ′    ≤   n ;   0   <    j ′    ≤    m  ;  i ′     and     j ′    ∈    Z +   ;    n   is the length of the pooling window, and  m  is the width; and    x   i ′  ,  j ′    l − 1     is covered data pooling window.



C. Fully-Connected Layer



The fully connected layer is aimed to nonlinearly fit its input. The fitting operation of fully connected layer can be described as:


  Y   =    f F   (  W  X i l  + b  )   



(4)




where  Y  is the output,  W  is the fully connection matrix, and    X i l    is the output of upper layer.    f F    denotes the activate function. The output channel of last fully connected layer is generally equal to the number of classification types.




2.2. Wavelet Packet Transform


The wavelet transform (WT) is a common method to obtain the local time-frequency information from signals. The wavelet transform is performed on the signal   x  ( t )    by analyzing the mother wavelet function   ψ  ( t )    and convolving   x  ( t )    with the scaling and conjugate wavelet function. This process can be described as:


   W f   (  a , s  )    =     ∫   − ∞   + ∞   x  ( t )   1   a    ψ ∗  (    t − s  a   )  d t  



(5)




where   ψ  ( t )    denoted the Morlet wavelet function. a is the dilation and s is the translation. The factor    1   a      is used to preserve energy. The a and s could be changed for obtaining different time-frequency segmentation.



WPT is a generalization of WT, which is used to approximate wavelet coefficients of different frequency bands. The node values for each level can be described as:


   W  j + 1   2 k     =    W j    k   ( n )    ∗   h  (  − 2 n  )   



(6)






   W  j + 1   2 k + 1     =    W j    k   ( n )    ∗   g  (  − 2 n  )   



(7)




where    W  j + 1   2 k     is the coefficient value of j-th decomposed level at the frequency band of 2k. The   h  (  − 2 n  )    and   g  (  − 2 n  )    are the low-pass filter and the high-pass filter, respectively, which depend on the selected scaling function   ϕ  ( x )    and mother wavelet function   ψ  ( x )   . The relationship of the two functions can be described as:


   ϕ j   ( t )    =     ∑  k  h  ( k )   2    j + 1  2    ϕ  (   2  j + 1     ×   t − k  )   



(8)






   ψ j   ( t )    =     ∑  k  g  ( k )   2    j + 1  2    ϕ  (   2  j + 1     ×   t − k  )   



(9)







Admittedly, the fault features of the bearing are related to the low-frequency band of the condition signals. The low-frequency information of the condition signals can be obtained by using the WPT, which is useful for bearing fault diagnosis. In general, a 1-D time-frequency coefficients vector with length  L  could obtain through the WPT.





3. Proposed CNN-Based Fault Diagnosis Method


This section demonstrates the proposed two-step fault diagnosis method. In the first step, a data-to-image method is designed to obtain the 2-D gray image from conditional signals as the input of a CNN model. In the second step, a high-effective CNN model is built to implement the feature extraction and fault diagnosis.



3.1. Data-to-Image Conversion Method


An effective way to improve the fault diagnosis performance is to extrude condition features and eliminate noise interference for input data. As discussed in Section 2.2, the WPT could capture the low-frequency information to obtain the fault information. Moreover, the noise component also can be filtered by manually discarding from obtained wavelet packet coefficients.



In this study, a 2-D CNN model is selected to achieve the fault diagnosis. However, the wavelet packet coefficient is not appropriate as the input of CNN model. In order to obtain the appropriate input, a data-to-image method is designed to form the two-dimension input data for CNN model. As shown in Figure 1, it consists of two steps. Firstly, the wavelet packet coefficient, which is obtained from the raw signal by using WPT, is reshaped into a 2-D matrix with a size of    M    ×    N    where  M  and  N  could be selected manually according to the length of wavelet packet coefficients. Then, the matrix elements are normalized to −255 to 255. Secondly, each element of obtained matrix is converted to a pixel, and a gray image with a size of    M    ×    N    is obtained. In this study, the   n × n   pooling window is commonly applied, and the length and width of feature map in each pooling layer is reduced by same, so it is recommended to get the gray image with a size of    M    ×    M   .




3.2. Fault Diagnosis Based on CNN


After condition signals are converted into gray images, a CNN model is built to identify these collected images. For the CNN model, the key is to determine the parameters of the convolutional layers and fully connected layers. In order to obtain the CNN model with the classification capacity, a part of gray images is used as the training dataset, which is applied to train the designed CNN by combining with the feedforward and backpropagation transform algorithm. Furthermore, a validation dataset is collected from these obtained gray images for evaluating the training performance and selecting the model parameters before possible overfitting. After the training process is completed, the generalization fault diagnosis capability of the trained CNN model is tested by the online monitoring signals.





4. Experiment Studies


In this section, a real-time bearing dataset from rolling bearing accelerated degradation tests is used to evaluate the effectiveness of the proposed method.



4.1. Experimental Setup and Data Description


The rolling bearing dataset generated by the Institute of Design Science and Basic Components at Xi’an Jiaotong University (XJTU) [27], is analyzed. The experimental setup is shown in Figure 2. The bearing testbed consists of an alternating current (AC) induction motor, a motor speed controller, a support shaft, two support bearings (heavy duty roller bearings), a hydraulic loading system, and so on. Fifteen rolling bearings of the type LDK UER204 were carried out in different degradation tests under three operating conditions. There exist five types of fault conditions with these tested bearings, which are inner race fault, outer race fault, cage fault, and two mixed faults. In order to collect the degradation signals, two PCB 352C33 accelerometers are placed on the horizontal and vertical directions of housing of the bearings, and signals are collected at a sampling frequency of 25.6 kHz. A total of 32768 run-to-failure sampling points are recorded every minute.



In each run-to-failure testing experiment, the accelerated deterioration test of the bearing was close to stop when the amplitude of the vibration signal was higher than 20 g. Based on this, the subsequent degradation vibration signals are selected as the complete fault signals when the acceleration exceeds 20 g for the first time. Figure 3 shows the result of complete fault signal selection of fifteen degradation tests. In this study, due to the load acts on horizontal direction, the horizontal monitored signals of the tested bearings are selected to evaluate the performance of the proposed method.



The types of bearing condition are only considered in this study, and the impact of different operating conditions was ignored. Therefore, the datasets of the different operating conditions of bearings with the same condition went into one dataset. Figure 4 shows the vibration signals of the six types of condition signals.



To increase the number of samples, the samples are resampled by using a sliding window from vibration signals, where each sample contains 1225 data points. There are six datasets, and each dataset contains 1200 samples. The details of the datasets are shown in Table 1. For each dataset, 660 samples are selected for the training dataset, 180 samples are randomly selected to compose the validation dataset, and 360 samples are used for the testing dataset.




4.2. Results and Discussion


There are in total 7200 bearing condition samples. As discussed in Section 3.1, all samples are converted into 1-D time-frequency coefficient vectors of size 64 by using the wavelet packet transform. To form the input of CNN model, the data-to image conversion method is used to convert these coefficient vectors into the gray images with a size of 8 × 8. Six types of Gray scale images from six conditions are shown in Figure 5. The main parameters of designed CNN model are presented in Table 2, which includes three trainable convolutional (Conv) layers and two max-pooling layers with two fully connected layers. The performance of the proposed CNN-based fault diagnosis model is evaluated by using ten trials. For each time trial, the training samples, validation samples, and testing samples are randomly selected. Figure 6 shows the confusion matrix of one trial result. Table 3 presents the diagnosis performance of the proposed method in ten trials. From the results, the proposed model presents an excellent diagnostic accuracy of 100% for normal bearing condition, and other fault types exceed 93%.



In addition, three common machine learning methods, complex trees, k-nearest neighbor (KNN), and support vector machine (SVM), are compared with the proposed method. The training and testing process of the mentioned models are conducted on a computer (Intel Core (TM) 3.6 GHz processor with 8 GB of RAM) and on an Ubuntu system platform. The comparison results are presented in Table 4. From the comparison results, it can be seen that the diagnosis performance of the proposed method is more stable and accurate than that of other methods.





5. Conclusions


This paper presented a two-step fault diagnosis method based on WPT and CNN. In the first step, the WPT is used to obtain 1-D time-frequency coefficients from vibration signals, which are converted into the 2-D gray images through a designed data-to-image conversion method. In this second step, a CNN model with three convolutional layers is designed to automatically learn representative fault features from the gray images, and the classification of these high-level abstraction representative features is achieved by using a logistic regression layer. A real-time rolling bearing fault dataset is applied to evaluate the diagnosis performance of the proposed method. From the test and comparison results, the proposed fault diagnosis method presents a more superior fault diagnosis capability than other machine learning-based methods.
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Figure 1. Data-to-image conversion method. 
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Figure 2. Experimental setup. 
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Figure 3. The selection of fault vibration signals. The (a) to (o) represent the vibration signals for the fifteen degradation experiments. 
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Figure 4. Six fault types of vibration signals. (a) normal signals, (b) inner race fault signals, (c) outer race fault signals, (d) cage fault signals, (e) inner and outer race fault signals, (f) inner race, ball, cage and outer race fault signals. 
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Figure 5. Six fault types of gray scale image. (a) normal condition, (b) inner race fault, (c) outer race fault, (d) cage fault, (e) inner and outer race fault, (f) inner race, ball, cage and outer race fault. 
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Figure 6. The fault diagnosis confusion matrix. 
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Table 1. Description of used bearing dataset.
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	Condition Type
	Class Label
	Sample Number





	Normal
	0
	1200



	Inner race
	1
	1200



	Outer race
	2
	1200



	Cage
	3
	1200



	Inner race and outer race
	4
	1200



	Inner race, ball, cage and outer race
	5
	1200










[image: Table] 





Table 2. Layer parameter configurations.
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	Layer Name
	Layer Parameters





	Conv 1
	3 × 3 × 64



	Max-pooling 1
	2 × 2



	Conv 2
	1 × 1 × 16



	Conv 3
	1 × 1 × 16



	Max-pooling 2
	2 × 2
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Table 3. The diagnosis accuracy of the proposed models (%).
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	Class Label
	0
	1
	2
	3
	4
	5





	Max
	100
	96.11
	100
	99.44
	99.72
	99.72



	Min
	100
	88.61
	93.06
	97.50
	97.50
	97.50



	Mean
	100
	93.78
	97.14
	98.86
	98.72
	98.72



	Std
	0
	2.41
	2.28
	0.639
	0.683
	0.683
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Table 4. The comparison of diagnosis accuracy of different models (%).
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Method

	
Class Label




	
0

	
1

	
2

	
3

	
4

	
5






	
Proposed method

	
100

	
92.78

	
99.72

	
99.44

	
98.89

	
98.06




	
Complex Tree

	
100

	
90.0

	
94.72

	
97.22

	
93.33

	
95.83




	
KNN

	
100

	
91.39

	
98.06

	
95.00

	
99.44

	
94.44




	
SVM

	
100

	
98.33

	
92.11

	
97.78

	
91.67

	
95.98












© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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