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Abstract: Accurately predicting the remaining useful life (RUL) of bearings in mining rotating equipment is vital for mining enterprises. This research aims to distinguish the features associated with the RUL of bearings and propose a prediction model based on these selected features. This study proposes a hybrid predictive model to assess the RUL of rolling element bearings. The proposed model begins with the pre-processing of bearing vibration signals to reconstruct sixty time-domain features. The hybrid model selects relevant features from the sixty time-domain features of the vibration signal by adopting the RReliefF feature selection algorithm. Subsequently, the extreme learning machine (ELM) approach is applied to develop a predictive model of RUL based on the optimal features. The model is trained by optimizing its parameters via the grid search approach. The training datasets are adjusted to make them most suitable for the regression model using the cross-validation method. The proposed hybrid model is analyzed and validated using the vibration data taken from the public XJTU-SY rolling element-bearing database. The comparison is constructed with other traditional models. The experimental test results demonstrated that the proposed approach can predict the RUL of bearings with a reliable degree of accuracy.
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Nomenclature



	Acronyms




	RUL
	Remaining useful life



	ELM
	Extreme learning machine



	ANN
	Artificial neural network



	SVR
	Support vector regression



	SLFN
	Single-hidden-layer feedforward neural network



	MAE
	Mean absolute error



	RMSE
	Root mean square error



	R2
	Coefficient of determination



	Notation





	Di
	The ith sample



	t
	The number of total samples



	k
	The number of samples nearest to the ith sample



	P
	The output indicator of the sample



	P0
	The value of the output indicator P of sample Di



	A
	The input feature of the sample



	ndC
	The weight for different prediction values



	ndA[A]
	The weight for different features



	ndC&dA[A]
	The weight for different predictions and different features



	W[A]
	The weight value of input feature A



	(xi, yi)
	The sample of the dataset



	m
	The number of output nodes



	n
	The number of input nodes



	L
	The number of hidden nodes



	g(., ., .)
	The nonlinear activation function



	wi
	The weight vector that connects the input layer and hidden layer



	b
	The bias of the hidden nodes



	β
	The weight vector that connects the hidden layer and output layer



	h(x)
	The output of the hidden layer



	H
	The output matrix of the hidden layer



	H†
	The Moore-Penrose generalized inverse of matrix H



	HT
	The transpose of matrix H



	C
	The regularization coefficient



	I
	The identity matrix



	γ
	The kernel parameter for the SVR algorithm





1  Introduction

Bearings are common essential components in mining rotating equipment subjected to continuous high-load working conditions over a long time. Based on statistics, bearing faults can account for over 40% of all machine faults [1], almost 40%–50% of all motor failures [2], and over 70% of wind turbine gearbox failures [3]. Accordingly, the phase of the bearings significantly affects the regular operation of the entire mechanical system. Therefore, the study of the condition monitoring and fault diagnosis technology of mechanical equipment has attracted increasing attention in bearing maintenance.

A prognosis maintenance policy characterizes the deterioration process of rotating equipment and computes the predicted time for the indicator to arrive at the failure threshold. It determines the current status of a device and estimates its lifespan before a fault occurs. This study estimates the RUL of roll element bearings by feature selection based on time domain signals. The proposed RUL prediction model improves the reliability of mechanical systems.

The methods employed to estimate the RUL of bearings can be classified into three categories: model-based, data-driven, and a combination of the above approaches [4,5].

The model-based method is applied to construct a failure model based on physical principles with some mathematical formulas. Liao et al. [6] introduced the proportional hazards and logistic regression models for RUL prediction. Liao [7] proposed a genetic programming method to discover the advanced features in RUL prediction. Li et al. [8] improved the exponential model and utilized it to predict the RUL of rolling element bearings. Jantunen et al. [9] presented an approach to understanding the wear of bearings and applied it to predict the RUL of rolling element bearings. Lei et al. [10] proposed a nonlinear degradation model for RUL prediction of bearings. Kumar et al. [11] established a novel health degradation indicator to estimate the RUL of bearings. Teng et al. [12] developed a robust model-based approach for bearing life prognosis in wind turbines. Lei et al. [13] introduced the weighted minimum quantization error as a health indicator to construct a model-based model for estimating the RUL of machinery. Pan et al. [14] constructed an inverse Gaussian degradation model to predict the RUL of a deteriorating system. Wang et al. [15] employed an exponential model combined with a gradient approach to determine the preliminary prediction time and further estimate the RUL of rolling bearings. However, it is difficult to establish a mathematical model that includes all the physical laws and failure mechanisms. This is because the system structure is highly complex with variable operating conditions; thus, the specific models are different for each system. In addition, it is costly to develop such physical failure models.

Data-driven methods are more appropriate for fault diagnosis based on historical data in complex systems. Meng et al. [16] proposed a novel convolution network based on a temporal attention fusion mechanism to predict the RUL of bearings. Zhu et al. [17] proposed a dynamically activated convolutional network for the RUL prediction of rolling bearing. Yang et al. [18] improved the long short-term memory with uncertain quantification and applied it to predict the RUL of bearings. Wang et al. [19] proposed a model that combined multiscale fusion permutation entropy with multiscale convolutional attention neural networks for predicting RUL of bearings. Jiang et al. [20] provided the remaining life prediction method with the assistance of Bayesian short-term and long-term memory neural networks. Li et al. [21] established a gated recurrent unit-deep autoregressive model with an adaptive failure threshold to predict the RUL of rolling bearings. A model of the system behavior can be established based on the measurement data using data-driven approaches. Guo et al. [22] built a long short-term memory model based on an attention mechanism combined with empirical wavelet transform to predict the RUL of bearings. Zhang et al. [23] utilized the digital twin method to build the RUL prediction model. Wang et al. [24] constructed a bearing life prediction model based on an improved temporal convolutional network and transfer learning. Du et al. [25] established a convolutional neural network model based on a global attention mechanism for RUL prediction of bearings. Zou et al. [26] proposed a transfer prediction model based on the dynamic benchmark to predict the RUL of bearings. Du et al. [27] developed an angular domain unscented particle filter model with time-varying degradation parameters for RUL prediction of rolling bearings. Jin et al. [28] applied the Kolmogorov-Smirnov test to distinguish between different health statuses of bearings. They employed the unscented Kalman filter approach to select the appropriate parameters for the nonlinear degradation model, which can effectively predict the RUL of a bearing undergoing degradation. Pan et al. [29] divided the running process of a bearing into normal and degraded stages and constructed a two-stage predictive model using the relative root mean square value to estimate the RUL of rolling-element bearings. Kuo et al. [30] employed a dense-structured network method to predict the RUL of a bearing with a minimal amount of measurement data. Therefore, choosing the best features that can depict the bearing degradation process is essential to accurately capture bearing degradation information.

Accordingly, a data-driven model is constructed using the RReliefF method for feature dimension reduction combined with the ELM algorithm for estimating the RUL of bearings. In the proposed prediction model, the optimal feature set was selected from sixty-time domain features using the RRelifF feature selection algorithm. Subsequently, an ELM model was developed to estimate the RUL of rolling element bearings. To evaluate the predictive performance of the hybrid predictive model, ANN and SVR methods were constructed to perform a comprehensive comparison. A data set of rolling element bearings taken from the XJTU-SY database [31] was utilized to conduct the comparative experiments.

This study makes three primary contributions to the literature. (1) To address the difficulty in extracting features of vibration signals from the available degradation data of bearings, the RReliefF algorithm can be used for feature selection and search for the optimal feature subset. Accordingly, the RReliefF algorithm is adopted in this study to estimate the weight of time domain features. This can directly demonstrate the relevancy between time domain features and the RUL of bearings, presenting the optimal input feature set for the predictive model. (2) When training the predictive model, the training data set is not selected empirically but using the cross-validation method to establish a predictive model with the ability to make exact predictions using limited training samples. (3) The proposed hybrid method is thoroughly compared against the existing approaches to assess its effectiveness and robustness. Compared to traditional algorithms, the proposed hybrid predictive model achieves superior performance.

The remainder of this paper is organized as follows. Section 2 briefly introduces the basic theory of the RReliefF feature selection algorithm and ELM method. Section 3 presents the vibration data from the public XJTU-SY bearing database and sixty-feature reconstruction based on the time domain signals. Section 4 describes the implementation process of selecting the optimal feature subset and optimizing the parameters of the ELM, ANN, and SVR models. Section 5 provides a detailed explanation of the analysis and a discussion of the predictive model results. Eventually, conclusions are drawn in Section 6.

2  Theory of Feature Selection and Regression

2.1 RReliefF Feature Selection Algorithm

The RReliefF algorithm [32–34] selects the relevance of the features to solving a regression issue. The implementation steps of the RReliefF algorithm for regression tasks are stated as follows:

Step 1: Randomly select a sample Di (i = 1, 2,..., t) and select the k samples closest to Di from the remaining t-1 samples.

Step 2: Calculate the weight set ndC under the condition of P0 output index value of sample Di.

ndC=ndC+∑i=1k|P0−Pi|Pmax−Pmin⋅1k(1)

where P0 is the value of the output indicator P for sample Di; Pi is the indicator value for the ith sample in k samples; Pmin and Pmax are the minimum and maximum values for the output indicators in t samples, respectively.

Step 3: Calculate the weight set ndA[A] of input feature A for sample Di.

ndA[A]=ndA[A]+∑i=1k|A0−Ai|Amax−Amin⋅1k(2)

where A0 is the value of feature A for sample Di; Ai is the value of feature A for the ith sample in k samples; Amin and Amax are the minimum and maximum values of feature A in t samples, respectively.

Step 4: Calculate the weight set ndC&dA[A] of sample Di with respect to the output indicator P0 and input feature A.

ndC&dA[A]=1k∑i=1k(|P0−Pi|Pmax−Pmin⋅|A0−Ai|Amax−Amin)(3)

Step 5: Repeat the previous four steps for a total of m times to obtain t ndC, t ndA[A], and t ndC&dA[A]. Then, calculate these t weight sets in sum to obtain NdC, NdA[A], and NdC&dA[A], respectively.

Step 6: Calculate the weight value W[A] of the input feature A.

W[A]=NdC&dA[A]NdC−NdA[A]−NdC&dA[A]t−NdC(4)

The feature weights are calculated by the RReliefF algorithm within the range of [−1, 1] [35]. A weight of +1 indicates that different values of a feature correspond to various values of the target index for near-neighbor samples, while a weight of −1 represents that various values of a feature result in the same values of the target index for near-neighbor samples. Hence, the higher the score of the feature weight, the greater its impact on the regression issue. The weights of all the features were obtained using the RReliefF algorithm and can be sorted in descending order. The larger the weight, the greater the correlation with the corresponding feature.

The RReliefF algorithm is an alternative ReliefF algorithm introduced to solve regression problems and named the Regressional ReliefF algorithm. The primary purpose of the RReliefF algorithm is to identify the feasible features sensitive to RUL based on the reconstructed features of the vibration signal. In other words, the RReliefF is a feature selection algorithm utilized to distinguish the quality of features in problems with a strong correlation between the features. The operation process of the feature selection using RReliefF is stated as follows. Firstly, the weight scores of all the candidate features are calculated using the RReliefF algorithm. Secondly, all the candidate features are ranked by level of importance according to the value of the weight score. Thirdly, the most relevant features from the candidate are selected based on the rank sequence. Finally, the prediction model is constructed by training the ELM algorithm with the selected features.

2.2 ELM

The ELM established by Huang et al. [36] is an SLFN with fast learning speed and good generalization ability, providing a unified learning paradigm for regression or classification tasks. The implementation process of ELM [37–39] is stated as follows.

Given a regression task with N different data points (xi, yi), where xi = [xi1, xi2,..., xin]T ∈ Rn indicates n input nodes and yi = [yi1, yi2, ..., yim]T ∈ Rm indicates m output nodes, such that (xi, yi) ∈ Rn × Rm, i = 1, 2, ..., N. Let L be the number of hidden neurons and g(., ., .) be a nonlinear transfer function, then the output function of ELM is stated as follows:

f(x)=∑i=1Lβig(wi,x,bi)(5)

where wi = [wi1, wi2, ..., win]T is the weight vector that connects the n input neurons into the ith hidden neuron; bi is the bias of the ith hidden neuron, both wi and bi are generated randomly, and i varies from 1 to L; β = [β1, β2, ..., βL]T is the weight vector that joins the hidden and output nodes.

The output function of the hidden layer in terms of the input vector x is defined as follows:

h(x)=[g(w1,x,b1)…g(wL,x,bL)](6)

where the output function g(x) maps the n-dimensional input feature space to an L-dimensional feature space. The output matrix H of the hidden layer for the N input training samples is described as follows:

H=[h(x1)⋮h(xN)]=[g(w1,x1,b1)⋯g(wL,x1,bL)⋮⋱⋮g(w1,xN,b1)⋯g(wL,xN,bL)]N×L(7)

The ELM training task aims to ensure that the output of SLFN matches the target vector of the regression. Thus, the compact form of Eq. (5) can be rewritten as follows:

Hβ=Y(8)

ELM aims to minimize the training error and norm of output weights as follows:

minimize:‖Hβ−Y‖22and‖β‖(9)

The output weight vector β can be solved by introducing the Moore-Penrose generalized inverse [40] as follows:

β=H†Y(10)

where H† is the Moore-Penrose generalized inverse of matrix H. The orthogonal projection approach can be employed to determine the Moore-Penrose generalized inverse of matrix H in two cases: when HTH is nonsingular and H† = (HT H)−1 HT, or when HHT is nonsingular and H† = HT(HHT)−1. To avoid overfitting of these implementations and improve the stability of the ELM, a positive parameter 1/C is introduced to calculate the output weight vector as follows:

β=H(IC+HHT)−1Y(11)

or

β=(IC+HTH)−1HTY(12)

where I is the identity matrix; C is the regularization coefficient that coordinates structural and experiential risk.

In these implementations, the input weight vector and hidden layer biases are randomly generated and do not consume more time than that required by back-propagation. The only two model parameters are the number of hidden neurons (L) and regularization coefficient (C); thus, the ELM is easy to implement without tuning the hidden layer. The critical step of ELM is to solve the Moore-Penrose generalized inverse of the output matrix H, which can avoid local minimization and achieve good performance under less human intervention. The two calculation approaches for the output weight vector can yield a high learning speed when dealing with a large volume of data. Using the L2-norm regularization in ELM enhances the sparsity of the output layer and produces an optimal solution with negligible errors.

The ELM algorithm is a network with one hidden layer comprising two parts of the work. Firstly, the network non-linearly maps the input vector into a high-dimensional feature space randomly through the hidden layer. Secondly, the regression task is accomplished by a supervised linear learner with the output layer. The sigmoid function is a typical nonlinear activation function used in the ELM algorithm. Based on the theory, the ELM works with high scalability and low computational complexity. In addition, the ELM provides a unified solution to different applications, such as regression, binary, and multiclass classifications. Compared to traditional machine learning algorithms, ELM tends to reach both the smallest training error and the norm of output weights. Thus, the ELM tends to have better generalization performance than the traditional learning algorithms.

All illustrations of ELM are shown in Fig. 1.
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Figure 1: The illustration of ELM

The ELM algorithm initially evolved from the neural networks with a single hidden layer. The primary purpose of the ELM is to realize both the minimal training error and the minimal norm of output weights. The ELM algorithm is an effective solution for regression applications. Compared to conventional neural networks, ELM has milder optimization constraints, making ELM learning extremely fast and producing better generalization performance. The process of ELM can be briefly stated as follows. First, the input weights and the hidden biases are chosen randomly. The kernel parameters are tuned and can be fixed using the grid-search method. Second, the model is trained to find a least-squares solution of the linear output layer matrices. The output weights are analytically determined by the Moore-Penrose generalized inverse operation. Finally, the trained machine learning algorithm provides a unified platform for applying the RUL prediction issue practically.

3  Database and Preprocessing

This study used the bearing database established by Xi’an Jiao Tong University and Sum Yong Technology Co., Ltd. (China), defined as XJTU-SY [31]. The conceptual representation of the experimental platform is shown in Fig. 2. During the experiment, the bearing degradation process was monitored by an accelerometer sensor under different operating conditions (i.e., different radial force and rotational speed). The tested bearing type was LDK UER204; the comprehensive operating conditions are reported in Table 1. The database contains complete life cycle data for 15 rolling element bearings. The sample rate for the vibration signal is 25.6 kHz, and 32,768 data points (i.e., 1.28 s) are recorded every minute. As mentioned in the previous sections, the vibration signal is more helpful in monitoring bearing degradation when the load is exerted in the horizontal direction. Therefore, this study analyzed the horizontal vibration signals to create a predictive model regarding the RUL of bearings. Basedon the failure criterion, the moment when the value of the vibration signal exceeds 20 g is defined as the failure time of the experimental bearing. Fig. 3 displays typical horizontal and vertical vibration signals throughout the entire service life period monitored by the accelerometer. The amplitude of the vibration signals exhibits an increasing trend at the end of the experiment, indicating a quick degradation.
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Figure 2: Conceptual representation of the experimental platform. (1: motor speed controller, 2: electric motor, 3: flexible coupling, 4, 5: support bearings, 6: test bearing, 7: hydraulic loading, 8: hydraulic manual pump)
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Figure 3: Typical horizontal and vertical vibration signals

In the XJTU-SY database, the sample rate for the vibration signal is 25.6 kHz, and a total of 32,768 data points (i.e., 1.28 s) are recorded every minute. Thus, the total data points in one minute are utilized to calculate the candidate input features. In other words, the data collected in one minute represents a sample. According to the failure criterion, the moment when the value of the vibration signal exceeds 20 g is defined as the failure time of the experimental bearing. Therefore, data with an amplitude not exceeding 20 g is selected as the full-life data of the bearing. The values of the RUL are calculated by y = i/N, where i is the ith sample, and N is the total of samples of the full-life data. This means that the initial value of RUL is close to 0, and the final value is 1. Hence, the output target index of the model is in the interval of [0,1].

The candidate input features used in the bearing degradation analysis are listed in Table 1 in the Appendix. Data normalization is crucial when the features of a data set have different numeric ranges. The primary purpose of normalization is to eliminate the dimensional and numerical differences between features. Another advantage is that the features have the same measurement scale and enable comparability between features with different dimensions. Therefore, all input features are normalized into the interval of [0,1].

The data normalization equation is performed as follows:

xnormaliza=x−xminxmax−xmin(13)

where xnormalize is the target value; x is the original data; xmin and xmax are the minimum and maximum values of the original data set, respectively. This equation normalized all input features into the interval of [0,1]. In contrast, this normalization method can highly match the value of the RUL used in this study. This normalization method can make calculating the errors easier.

4  Methodology

4.1 Feature Selection Using the RReliefF Algorithm

The RReliefF algorithm is an effective solution for feature selection in regression problems. RReliefF estimates the quality of features and is applied to extract features with strong dependencies in a prepossessing step before the model is learned. The distance between the instances is considered in the RReliefF algorithm to evaluate the significance of features between the instances. To calculate the W[A] of the quality of feature A in regression applications, the probability of the predicted values of different samples is applied to model the relative distance between the predicted values of the different samples. This study applied RReliefF to rank the features of the time-domain vibration signals from the candidate sixty features set. The RReliefF algorithm assigns a weighted score W[A] to each feature based on how well it distinguishes between samples that are near to each other. Hence, the significant features can be extracted, and the model’s predictive performance can be improved further.

The primary purpose of feature selection is to select the most relevant features from many available features using the RReliefF algorithm. The procedure started with extracting the most relevant features from the candidate set, where the RReliefF feature selection algorithm was employed to rank features based on their weight scores. Second, an RUL prediction model was established by training the ELM algorithm using the candidate input features extracted in the first step. Within the training phase, the bearing data were split into three categories: training, validation, and testing datasets. The training and validation datasets were used in the feature selection process. If the regression error for validation data is lower than the predefined error, the regression predictor can be used for RUL prediction in rolling element bearings. Otherwise, a new feature should be reconstructed based on the calculated weights such that the regression predictor is retrained with the new feature set. At the RUL prediction stage, the test dataset of bearings can be input to the trained ELM regression predictor. For comparison, the ANN and SVR algorithms were fed with the same input features; thus, the results of these different models can be comparable with those of the ELM model.

The procedure of the proposed hybrid RUL prediction model is shown in Fig. 4. The RUL prediction procedure includes four phases: data collecting, data preprocessing, training, and RUL predicting phase. First, the experimental platform can obtain the sample data for the bearings under different operating conditions. The profiles involving horizontal and vertical vibration signals are edited to get the sample data within minutes. Second, the time-domain horizontal vibration signals are chosen as the analysis data for the RUL prediction model. Based on the sample data, the sixty time-domain features are calculated to form the candidate feature set. Third, in the training phase, the weight scores of the sixty features are calculated using the RReliefF algorithm, and the features that indicate the degradation states of bearings are extracted accordingly. The two user-defined parameters (regularization coefficient and hidden nodes) and the training set are optimally selected using the grid search method and cross-validation approach. Last, new test data collected from the experimental platform can be inputted to the trained ELM model for the RUL prediction in the RUL predicting phase.
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Figure 4: Flowchart of the proposed hybrid RUL prediction model

The RReliefF algorithm is one of the most successful feature selection algorithms. It works as a filter to estimate the importance of features to discard noisy features and improve the regression task to reduce the combinatorial explosion during the searching strategy. The RReliefF algorithm evaluates a feature’s importance by considering its dependence on other features. Therefore, the synergistic effect between features can be recognized. RReliefF algorithm aims to scale down the number of features, reducing thus the size of the multidimensional searching space. The ability of the RReliefF algorithm to discriminate the true feature from the basic candidate feature set is evaluated in bearing datasets. This study utilized the RReliefF algorithm to choose a small feature subset from the sixty candidate feature sets. This feature selection is necessary and sufficient to describe the RUL prediction of bearings using the vibration signal.

In the experiments, the performances of the three different methods were evaluated in terms of three measurements: the MAE, RMSE, and R2:

MAE=1r∑i=1r|yi−f(xi)|(14)

RMSE=1r∑i=1r(yi−f(xi))2(15)

R2=1−∑i=1r(yi−f(xi))2∑i=1r(yi−y¯i)2(16)

where yi is the actual value of the target index variable; f(xi) is the predicted value; r is the size of the data set.

4.2 ELM Implementation

In this study, the ELM algorithm is implemented because it can meet the requirements of the RUL prediction to achieve a good balance between accuracy and efficiency. The primary objective of this study is to establish a prediction model for the RUL of bearings using the ELM method. The input data in the ELM model represent the characteristics of the vibration signal, such as the Kurtosis factor, Crest factor, Impulse factor, and other time domain features. The output data comes from the bearing operating under different operating conditions. The implementation of ELM can be briefly described as follows: Firstly, the feasible features obtained in the feature selection step are passed to the ELM model for RUL prediction. Secondly, the grid search technique determines the regularization parameter C and the number of hidden nodes L. The grid search [41] was performed as follows: first, a grid space of C in {2−24, 2−23, ..., 224, 225} and L in {10, 20, ..., 1,000} was selected for the values of the two parameters. There are a total of 50 × 100 = 5,000 points in the ELM searching grid. Then, for each point, the RMSE was calculated using the cross-validation method. Finally, the pair (C, L) with the lowest mean RMSE was chosen to train the entire training dataset and form the ultimate regression model. This proper parameter selection could improve the performance of the ELM prediction model. Thirdly, the ELM model was trained using the cross-validation method. This study conducted the training process using 5-fold cross-validation according to the operating conditions of fifteen bearings. The advantage of this 5-fold cross-validation training process is to avoid overfitting and thus improve the generalization performance of the ELM prediction model.

4.3 ANN Implementation

An ANN is commonly applied to build nonlinear mapping relationships between a set of input features and a set of output attributes. In an ANN, the nonlinear relationship between input and output features is constructed without prior knowledge or assumptions. However, the primary disadvantage of ANNs is that a large training sample is needed to construct an accurate model. Another disadvantage of ANNs is that they require a considerable amount of time to determine the algorithm parameters, such as the size of hidden layers, number of hidden neurons, transfer functions, learning rate, and number of training iterations (epochs), which requires repeated trial-and-error adjustment processes. This process is usually performed manually and is labor-intensive and time-consuming.

The ANN used in this study consists of an input, a hidden, and an output layer. In order to establish the comparison, the ANN’s input data is the same as the ELM model, which was feature selected using the RReliefF algorithm. The neuron nodes in the hidden layer are confirmed by the empirical formula [42].

{J=m+n+aJ=log2⁡mJ=2m+1(17)

where J is the number of hidden layer node; m is the number of input layer node; n is the number of output layer node; a is a constant from 1 to 10. In this study, the number of input layers was determined by the feature selection process using the RReliefF algorithm. The feature selection step obtains the number of feasible input features for the different bearing datasets. To select the appropriate feature set to ensure the best performance of the prediction model, the several numbers of features sorted by the RReliefF algorithm, namely, 10, 20, 30, 40, 50, and 60, were considered in the experiment for comparison. In order to test the generalization performance of the ANN model, the number of hidden nodes in this study was varied between 5 and 30, in increments of 1 for the values of each hidden node. The number of hidden nodes that yielded the smallest value of the RMSE was chosen, and that hidden node was employed to train the ANN model and generate the ANN prediction model.

In the experiments, a neural network structure consisting of input, hidden, and output layers was built. The number of hidden neurons was chosen within the range of {5, 6, ..., 30}, and each ANN regression model was constructed using 10,000 epochs as the stopping criterion for training. The sigmoid function was selected for the hidden layer’s activation and the output layer’s linear function. The back-propagation method was applied to train the ANN algorithm in this study.

4.4 SVR Implementation

SVR is a significant machine learning method used in regression problems with small data [43]. Three user-specified parameters must be determined to obtain the best generalization performance of an SVR. In the experiments, the radial basis function was selected as the kernel function for the SVR method. The regularization parameter C and the kernel parameter γ were optimized through a grid search technique in C = [2−4, 2−3, ..., 210] and γ = [2−1, 20, ..., 213]. There are 15 × 15 = 225 points in the SVR searching grid. The main idea of the grid search method is to try all types of (C, γ) pairs and select the pair yielding the best prediction performance. This study chose the pair (C, γ) with the smallest RMSE. Likewise, the training data and input features were the same as those in the ELM model, and the final result was also the average of 100 trials.

5  Results and Discussion

In this study, the RUL values of bearings were experimentally estimated using vibration signals. Accordingly, the XJTU-SY bearing database, containing complete entire life cycle data of 15 rolling element bearings, was used in the experiments. The datasets cover an extensive range of failure modes of the test bearings; therefore, they are significantly helpful for validating the performance of a regression method. To illustrate the robustness of the established hybrid model, the ANN and SVR are applied to construct a comparative analysis.

This section presents the results of the time domain signal feature selection process. Sixty features reconstructed from the time-domain vibration signals listed in the Appendix are considered for feature selection. Accordingly, this study estimated the behavior of sixty different time domain features to evaluate the degradation process of the entire bearing service life. Based on the sixty candidate reconstructed features, the RReliefF weights are illustrated in Fig. 5. As depicted in Fig. 5, the sixty features have different weights for the different test bearings. Based on the RReliefF algorithm, the larger the weight of a feature, the greater its impact on the regression task. The sixty features are ranked in descending order based on the RReliefF score to analyze the influence of features on the RUL prediction of bearings. The test features are packed as input nodes for the sequence.

[image: images]

Figure 5: Weights for the sixty features obtained by the RRelifF algorithm

The weight scores of the top 5 features from the ranking over fifteen different bearings are listed in Table 2. Based on the theory of the RRelifF algorithm, the large and sensitive features of the target index can be identified in terms of the weight scores. In other words, the quality of features with strong dependencies can be distinguished with the feature selection technique. As is quantitatively tabulated in Table 2, the top five features are different for the bearings on the different operation conditions. The weight score of the features varies with the different bearings. Hence, the sensitive features can be selected by ranking the weight scores. In this study, ten features are bagged to form the sub-feature set, and the appropriate feature set is selected to ensure the best performance of the prediction model.
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The bearing data are fed into the proposed regression model to establish an RUL predictive model. The cross-validation approach is employed to validate the robustness of the prediction model as follows. The entire bearing datasets are divided into three groups according to three operating conditions (i.e., 12, 11, and 10 kN). One bearing dataset is selected as the training set, while the remaining datasets are used as testing sets. This procedure is repeated until all bearing datasets are used, as depicted in Fig. 6. Implementing this method could help determine the best scale of the training datasets for the test bearing. Five different cases are considered in this experiment based on the XJTU-SY bearing datasets. In this technique, five iterations are performed. The data set is divided into five sections in each iteration. One bearing set is utilized as the training data to build the prediction model, and the remaining four bearings are used as the test set. This approach aims to construct a predictive model with an appropriate training data sample size. The cross-validation approach is applied to validate the effectiveness and robustness of the prediction model.
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Figure 6: Schematic of the cross-validation method

Table 1 lists the comprehensive operating conditions of the 15 rolling element bearings. It indicates the five Bearing 1_x (Bearing 1_1, Bearing 1_2, Bearing 1_3, Bearing 1_4, and Bearing 1_5) are operated under the same conditions with 12 kN radial force and 2,100 rpm rotating speed. Hence, these five bearings are the same to some extent. It can use the data of Bearing 1_x as the sub-datasets each other when the RUL prediction model of Bearing 1_x is built. In addition, this is the same as the Bearing 2_x and Bearing 3_x. However, Bearing 2_x and Bearing 3_x are operated under Condition 2 and 3, respectively. Thus, the Bearing 2_x and Bearing 3_x can not be used while training the Bearing 1_x. Eventually, there are only 5 cases in the cross-validation method, as shown in Fig. 6.

To select the appropriate feature set to ensure the best performance of the prediction model, the several numbers of features sorted by the RReliefF algorithm, namely, 10, 20, 30, 40, 50, and 60, were considered in the experiment for comparison. Fig. 7 illustrates the performance of the established prediction model for the various feature sets. It indicates that the performance of the proposed prediction model varies for each feature set. When features = 20, i.e., retaining the top 20 features according to the modeling procedure, both the training and test data are formed with 20 input features. The training dataset and input features are selected while the best performance is achieved, i.e., the R2 score is the largest among the cross-validation experiments. In Case 1, the data for the first bearing under the three operation conditions (Bearing 1_1, Bearing 2_1, and Bearing 3_1) are used as the training data. The predicted results of the test bearings vary. In other words, the R2 scores peak at different points. For example, the R2 score is the largest at the 20 input feature points for the test data set of Bearing 2_3. This suggests that when Bearing 2_1 was used as the training data, the predicted result of Bearing 2_3 was the best among all four test sets. In this case, the optimal training set can be obtained for the other four test sets. Cross-validation experiments were conducted based on the five cases to find the optimal training set for all the bearings. From the fifteen subgraphs depicted in Fig. 7, the optimal training set for the bearings is obtained through cross-validation. Taking Bearing 1_3 dataset as an example, the remaining four datasets (Bearing 1_1, Bearing 1_2, Bearing 1_4, and Bearing 1_5) are utilized as training data. Accordingly, the ELM is utilized to predict the RUL and the R2 score is calculated for each pair (C, L) in the grid space. The training set and pair (C, L) with the largest value of the R2 were selected, and these selected parameters were applied to train the entire training data to obtain the ultimate RUL predictor.
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Figure 7: Performance of the prediction model for different feature sets

The predictive results of the cross-validation method are shown in Fig. 7. To determine the optimal training dataset and the number of input features, the model’s performance with the cross-validation method is listed in Table 3. The first column denotes the bearing used as the training set, and the row in the different cases denotes the four other bearings used as the test set. The value is the largest R2 with the best sub-feature set within parentheses based on the rank sequence {10, 20, ..., 60} extracted using the RReliefF algorithm. The best parameters of the model are obtained with the largest R2 in the same column and the same row in different cases. For example, Bearing 1_1 used as the test set, and the best training set is searched in the first column (Bearing x_1) within Case 2 to Case 5 in the first row. Four different values can be selected as 0.498 (10), 0.849 (10), 0.601 (10), and 0.717 (10). Obviously, 0.849 (10) reaches the largest R2 among the four cases. Therefore, we get the Bearing 1_3 as the training set for the Bearing 1_1 as the test set and the number of input features comes to 10 in the parentheses.
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The proposed ELM model used for RUL prediction of the bearings was validated by reducing the input feature dimensions and optimizing the parameters. The optimal values of the model parameters are presented in Table 4. The parameters of the SVR and ANN algorithms are also displayed in Table 4. The predictive results of the three models can be obtained using these parameters.

[image: images]

The performances of the three models were evaluated and compared to the metrics mentioned above (MAE, RMSE, R2) to test whether the hybrid predictive model outperforms the other two models. Consequently, the comparison results are listed in Tables 5–7. The smaller the results of MAE and RMSE, the closer the experimental results obtained by the model are to the real values. R2 is independent of scale because it is dependent on correlation; thus, it is of greater significance for evaluating predictive models. The proposed ELM model achieves 0.65–0.96 regarding R2 values, which states that the predictions are reasonable. Although the proposed predictive method cannot be highly accurate for all bearings, it is still considered to significantly assist mechanical manufacturing enterprises in understanding the degree of degradation process of mechanical equipment during the design stage.
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Tables 5–7 display the predicted results of the ELM, ANN, and SVR on the prediction of RUL for bearings. Tables 5 and 6 compare the three regression models to MAE and RMSE. The established ELM model performs better than the other two machine learning algorithms because it yields the smallest MAE and RMSE in most cases. The measurement index R2 values of the predictive models for the RUL of bearings are listed in Table 7. R2 is higher than 0.8 for two-thirds of the fifteen bearings. In most cases, the proposed hybrid approach performs better than ANN and SVR models. These tables indicate that the proposed ELM model outperforms the other two traditional machine learning methods regarding MAE, RMSE, and R2. The ELM exhibits the strongest generalization ability among all algorithms tested. In most cases, the generalization ability of the SVR is poorer than that of ELM but better than that of ANN. Because the hybrid predictive model yielded the minimum MAE and RMSE values and the largest R2 scores in this study, we can conclude that the performance of the established ELM method combined with the RReliefF feature selection algorithm is much better than that of the other two machine learning approaches regarding the RUL of bearings.

6  Conclusion

This study proposes a bearing RUL prediction model to identify the features associated with RUL by employing the RReliefF algorithm. Accordingly, sixty time-domain features are reconstructed, and the RReliefF algorithm is employed to reduce the dimensionality of the candidate input features. The optimal input feature set is obtained to interpret the complex nonlinear relationship between the input attributes and the output feature (i.e., RUL of bearings). A cross-validation approach is utilized to examine the significance of the training data set in predicting RUL for different bearings. The optimal training dataset and the highly relevant features are fed to the ELM method to construct a predictive model for the RUL of roll element bearings.

The main contributions of this research can be summarized as follows. First, the highly relevant variables are extracted from the sixty candidate time-domain features to estimate the bearings’ RUL. With fewer and more relevant features, the proposed model can more accurately predict the RUL of rolling element bearings. Second, the cross-validation approach is employed to confirm the optimal training bearing set for different testing bearing sets. Third, the predictive results obtained using the proposed hybrid model are compared to those obtained using the other machine learning methods (ANN and SVR). The comparative tested results indicated that the hybrid predictive method is the best estimator of the three models for predicting the RUL of bearings because it yielded the smallest errors. Consequently, the proposed prediction model can more accurately predict the RUL of bearings.

The established prediction model for the RUL of bearings can be utilized to reliably evaluate the operating process of bearings in rotating machines. Therefore, it can be applied to help machinery enterprises understand the sustainability level of their equipment at the design stage. Eventually, an accurate model for the RUL of bearings can act as a guideline for the early stage of the equipment design process to guarantee the security and reliability of devices, thus contributing to increasing the productive efficiency in the construction industry.
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Table 1: Operation conditions of the tested bearings

Operating condition Radial force (kN) Rotating speed (rpm) Bearing dataset

Condition 1 12 2,100 Bearing 1_1 Bearing 1_2 Bearing
1_3 Bearing 1_4 Bearing 1_5

Condition 2 11 2,250 Bearing 2_1 Bearing 2_2 Bearing
2_3 Bearing 2_4 Bearing 2_5

Condition 3 10 2,400 Bearing 3_1 Bearing 3_2 Bearing

3_3 Bearing 3_4 Bearing 3_5
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Table 3: Optimal training data set and number of input features

Case 1 Bearing x_1 Bearing x_2 Bearing x_3 Bearing x_4 Bearing x_5
Bearing 1_1 - 0.768 (20) 0.902 (10) 0.627 (10) 0.558 (30)
Bearing 2_1 - 0.780 (10) 0.825 (20) 0.753 (60) 0.495 (10)
Bearing 3_1 - 0.810 (40) 0.862 (10) 0.732 (10) 0.787 (40)
Case 2 Bearing x_1 Bearing x_2 Bearing x_3 Bearing x_4 Bearing x_5
Bearing 1_2 0.498 (10) - 0.899 (10) 0.840 (10) 0.719 (20)
Bearing 2_2 0.440 (10) - 0.649 (20) 0.833 (10) 0.605 (20)
Bearing 3_2 0.800 (10) - 0.857 (10) 0.538 (10) 0.844 (20)
Case 3 Bearing x_1 Bearing x_2 Bearing x_3 Bearing x_4 Bearing x_5
Bearing 1_3 0.849 (10) 0.798 (20) - 0.435 (10) 0.433 (10)
Bearing 2 3 0.251 (10) 0.886 (10) - 0.776 (10) 0.561 (10)
Bearing 3_3 0.588 (30) 0.747 (20) - 0.809 (40) 0.687 (10)
Case 4 Bearing x_1 Bearing x_2 Bearing x_3 Bearing x_4 Bearing x_5
Bearing 1_4 0.601 (10) 0.865 (10) 0.791 (10) - 0.651 (30)
Bearing 2 4 0.680 (10) 0.752 (10) 0.761 (10) - 0.446 (10)
Bearing 3_4 0.747 (10) 0.798 (30) 0.928 (10) - 0.673 (60)
Case 5 Bearing x_1 Bearing x_2 Bearing x_3 Bearing x_4 Bearing x_5
Bearing 1_5 0.717 (10) 0.904 (30) 0.818 (20) 0.763 (10) -

Bearing 25 0.246 (10) 0.866 (10) 0.751 (10) 0.814 (10) -

Bearing 3_5 0.626 (20) 0.692 (10) 0.412 (10) 0.810 (10) -






OEBPS/Images/table-6.png
Table 6: Performance comparisons of the ELM, ANN, and SVR algorithms based on RMSE

Bearing 1_1 Bearing 1_2 Bearing 1_3 Bearing 1_4 Bearing 1_5
ELM 35.4101 1.9142 99.9756 38.1148 8.4336
ANN 39.8630 13.1577 103.1224 62.6443 17.3671
SVR 36.6858 13.5393 147.6261 46.0733 8.0396

Bearing 2_1 Bearing 2_2 Bearing 2_3 Bearing 2_4 Bearing 2_5
ELM 422.5817 41.5617 329.7701 6.1947 46.6812
ANN 236.0192 63.9910 369.4426 13.9599 92.3381
SVR 3499171 88.3389 385.7443 6.8622 55.3393

Bearing 3_1 Bearing 3_2 Bearing 3_3 Bearing 3_4 Bearing 3_5
ELM 788.5579 637.9713 209.3121 350.4610 18.1363
ANN 1,219.4424 1,879.0462 172.8672 496.3264 61.6034
SVR 804.6916 590.3102 133.0051 735.2426 20.7954
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Table 4: Results of parameter optimization using the grid search method

Bearing 1_1 Bearing 1_2 Bearing 1_3 Bearing 1_4 Bearing 1_5
ELM (C, L) (272, 560) (272, 950) (24, 830) (272, 930) (272, 740)
ANN #nodes 5 8 13 9 6
SVR (C,y) (2°,27) (2%, 2% (2", 2% (272,29 (2°,27)
Bearing 2_1 Bearing 2_2 Bearing 2_3 Bearing 2_4 Bearing 2_5
ELM (C, L) (2°, 960) (272, 1000) (2°, 1000) (271, 840) (275, 830)
ANN #nodes 13 7 17 11 11
SVR (C,y) (2", 29 (2°,2%) (2°,2%) (2°,2%) (21,29
Bearing 3_1 Bearing 3_2 Bearing 3_3 Bearing 3_4 Bearing 3_5
ELM (C, L) (274, 1000) (274, 600) (272, 710) (2°, 880) (277, 690)
ANN #nodes 4 8 12 5 4
SVR (C, )/) (2—3’ 25) (2—4’ 213) (210’ 26) (210’ 23) (210’ 25)
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Table 7: Performance comparisons of the ELM, ANN, and SVR algorithms based on R?

Bearing 1_1 Bearing 1_2 Bearing 1_3 Bearing 1_4 Bearing 1_5
ELM 0.8633 0.9077 0.9588 0.8195 0.7361
ANN 0.5218 0.6671 0.6377 0.5165 0.2749
SVR 0.8452 0.8981 0.8953 0.8218 0.7255

Bearing 2_1 Bearing 2_2 Bearing 2_3 Bearing 2_4 Bearing 2_5
ELM 0.6765 0.8453 0.8344 0.8273 0.6495
ANN 0.1122 0.4285 0.5634 0.5690 0.3912
SVR 0.4419 0.7104 0.8196 0.8220 0.6184

Bearing 3_1 Bearing 3_2 Bearing 3_3 Bearing 3_4 Bearing 3_5
ELM 0.7892 0.7851 0.9304 0.8034 0.8225
ANN 0.3510 0.4622 0.4295 0.5754 0.4077
SVR 0.7651 0.7772 0.9260 0.5701 0.6814
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Table 2: Top-ranked five features as revealed by the RReliefF algorithm

Rank Bearing 1_1 Bearing 1_2 Bearing 1_3 Bearing 1_4 Bearing 1_5
1 0.084 (Fy) 0.124 (F,) 0.094 (Fy) 0.126 (Fy) 0.057 (Fy)
2 0.058 (F5)) 0.094 (Fy) 0.060 (Fy) 0.100 (F5)) 0.056 (F5))
3 0.053 (Fy) 0.037 (F.4) 0.056 (F,) 0.091 (Fg) 0.049 (F )
4 0.040 (Fy) 0.014 (F5,) 0.030 (Fy) 0.054 (Fy) 0.021 (F4)
5 0.038 (Fy) 0.013 (Fy) 0.026 (F ) 0.020 (F ) 0.020 (F5)
Rank Bearing 2_1 Bearing 2_2 Bearing 2_3 Bearing 2_4 Bearing 2_5
1 0.074 (F5) 0.104 (F) 0.071 (Fy) 0.204 (F ) 0.044 (F,)
2 0.051 (Fy) 0.086 (Fy) 0.058 (Fy) 0.200 (Fy) 0.043 (Fy)
3 0.011 (Fy) 0.080 (Fs) 0.057 (F) 0.176 (Fx) 0.041 (F)
4 0.010 (Fg) 0.079 (Fy) 0.048 (F ) 0.166 (F,) 0.022 (F )
5 0.009 (F.,) 0.064 (F5) 0.047 (F,) 0.159 (Fx) 0.014 (F )
Rank Bearing 3_1 Bearing 3_2 Bearing 3_3 Bearing 3_4 Bearing 3_5
1 0.097 (Fy) 0.037 (Fy) 0.076 (Fy) 0.157 (Fy) 0.159 (Fy)
2 0.049 (F5) 0.033 (F) 0.053 (Fy) 0.028 (Fy) 0.155 (F3)
3 0.028 (Fg) 0.025 (Fg) 0.049 (F ) 0.019 (Fs) 0.153 (Fy)
4 0.021 (F) 0.024 (Fy) 0.044 (F) 0.015 (F5) 0.119 (Fy)
5 0.016 (Fy) 0.023 (Fy)) 0.041 (Fy) 0.014 (F ) 0.107 (F )
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Table 5: Performance comparisons of the ELM, ANN, and SVR algorithms based on MAE

Bearing 1_1 Bearing 1_2 Bearing 1_3 Bearing 1_4 Bearing 1_5
ELM 29.6398 8.8019 91.3841 33.0269 6.7889
ANN 33.6178 19.8494 90.1632 53.9678 14.1463
SVR 30.5267 10.7437 130.2173 39.4259 6.3548

Bearing 2_1 Bearing 2_2 Bearing 2_3 Bearing 2_4 Bearing 2_5
ELM 347.6205 35.9920 280.9127 4.8188 39.6674
ANN 198.1609 54.8849 301.1821 11.9102 78.4003
SVR 299.8730 77.9597 314.7370 5.5518 43.2385

Bearing 3_1 Bearing 3_2 Bearing 3_3 Bearing 3_4 Bearing 3_5
ELM 658.3616 552.4991 207.2365 254.6047 16.5218
ANN 1,070.7455 1,663.4996 151.8200 425.4919 52.9903
SVR 668.1450 496.7909 130.8744 649.8714 18.0125
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