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Abstract

:

A high-speed solenoid valve is a key component of the braking system. Accurately predicting the failure type of the solenoid valve is an important guarantee for safe operation of the braking system. However, electrical, magnetic, and mechanical coupling aging mechanism; individual differences; and uncertainty of aging processes have remained major challenges. To address this problem, a method combining physical indices and data features is proposed to predict the failure type of solenoid valve. Firstly, the mechanism model of the solenoid valve is established and five physical indices are extracted from the driven current curve. Then, the frequency band energy characteristics are obtained from the current change rate curve of the solenoid valve by wavelet packet decomposition. Combining physical indices and frequency band energy characteristics into a comprehensive feature vector, we applied random forest to both predict and classify the failure type. We generate a data set consisting of 60 high-speed solenoid valves periodically switched under accelerated aging test conditions, including driven current, final failure type, and switching cycles. The prediction result shows that the proposed method achieves 95.95% and 94.68% precision for the two failures using the driven current data of the 3000th cycle and has better prediction performance than other algorithms.
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1. Introduction


The braking system is a part of high-speed train safety systems [1]. The high-speed solenoid valve is a critical component in the braking system [2]. Accurately predicting the failure type of the solenoid valve is an important guarantee for safe operation of the braking system.



In general, methods of prognostic and diagnostics can be categorized into physics-based, data-driven, and hybrid approaches [3,4]. The physics-based method uses a specific physical model to represent the normal machine state and detects the potential failure types based on the deviations between the actual system and the physical model [5,6,7,8,9,10,11]. Hashemnia et al. [5,6] used frequency response analysis diagnostics to improve the fault detection of power transformer winding. Leturiondo et al. [7] presented an electromechanical model of a rotating machine for its diagnosis. Lu et al. [8] proposed a physics-based prognostic model for the rolling element bearings using the realized volatility and wavelet neural network to predict their remaining life. Eker et al. [9] integrated a physics-based clogging progression model with particle filter to predict the future clogging levels and the remaining useful life of the fuel filters. However, due to the electrical, magnetic, and mechanical coupling aging mechanism; individual differences; and uncertainty of aging process [12], it is difficult to establish an accurate and reliable physical model for the solenoid valve.



Data-driven approaches use information from previously collected data to identify the relationship between the failure and the measurement of system state and do not depend on the physical mechanism or prior knowledge of the system [13,14,15,16,17,18]. Cosme et al. [13] proposed an improved fault prognostic approach based on a modified particle filter with a built-in differential evolution characteristic. Wang et al. [14] developed a two-stage data-driven prognostic approach based on an enhanced Kalman filter and an expectation-maximization algorithm to estimate the remaining useful life of the bearing. Mashhadi et al. [15] aggregated predictions of long short-term memory and convolutional long short-term memory via a meta model to boost the performance of diagnostic models for automotive. Wu et al. [16] presented a unified fault diagnosis and prognosis strategy to identify faults and to predict the remaining useful life for solid oxide fuel cell systems. The disadvantage of data-driven approaches is that they rely heavily on the failure histories of the system components collected from the field or laboratory.



Hybrid approaches combine the physical model and date-driven method to improve the prediction performance [19,20,21]. However, existing researches of hybrid approaches focus on the fault diagnosis and the remaining useful life prediction of devices, few of which pay attention to the prediction of the type of failure. In our previous research, we proposed an adaptive data-driven approach which combines Bayesian updating and particle filter to predict the remaining useful life for solenoid valve [22]. Based on the prediction result, the solenoid valve could be timely replaced before it fails. Furthermore, in the paper, the failure type can be determined and the proper maintenance decision can be obtained. For instance, the high-speed solenoid valve with aged coil can only be replaced to ensure the reliability of the braking system, while it is more reasonable to repair the solenoid valve by lubricating with oil rather than replacing it directly. However, in actual operation, the aging of the high-speed solenoid valve is usually the result of a combination of both factors. Thus, we develop a novel method combining the physical modeling and history failure data to accurately predict the failure type of the solenoid valve in this paper.



In this paper, a failure type prediction method for high-speed solenoid valve is proposed to address the aforementioned problems and uses physical indices and data features. Firstly, we establish a physical model for the high-speed solenoid valve and extract the physical indices from its dynamic driven current. Then, the wavelet packet decomposition is used to extract the energy features of the frequency bands from the current change rate curve of the high-speed solenoid valve. Afterwards, the physical indices and energy features are combined into a comprehensive feature vector. Finally, considering the performance superiority of random forest in terms of fault prediction and diagnosis of various systems [23,24,25,26,27], it is utilized for failure type prediction of the high-speed solenoid valve using the obtained comprehensive feature vector. In this way, the performance of the data-driven prediction method can be improved even when the physical model cannot be accurately constructed.



The main contributions of this paper are as follows:




	
The physical model of the high-speed solenoid valve is established to extract the physical indices from its dynamic driven current curve, and the energy features of the frequency bands are obtained by wavelet packet decomposition from the current change rate curve of the high-speed solenoid valve. Then, the comprehensive feature vector composed of the above physical indices and data features is proposed to characterize the working performance of the high-speed solenoid valve in braking systems.



	
Random forest classifier is used to predict the failure type of the high-speed solenoid valve based on the proposed comprehensive feature vector at different life cycles, and the relationship between the prediction accuracy and the life cycle is explored.



	
Experiments on an accelerated aging test dataset composed of 60 high-speed solenoid valves and comparisons with the other related algorithms validate the effectiveness and superiority of the proposed method.








The remainder of the paper is organized as follows: In Section 2, the structure of the high-speed solenoid valve and its failure mechanism are analyzed, based on which its physical model is established. Section 3 presents the proposed failure type prediction method for the solenoid valve, and the experiment platform as well as the dataset is introduced. In Section 4, the effectiveness of the proposed method is validated through experimental results. Finally Section 5 draws the conclusion.




2. Failure Mechanism of High-Speed Solenoid Valve and Modeling


2.1. Structure Analysis


The high-speed solenoid valve can be divided into electromagnetic and mechanical components. The electromagnetic part is mainly composed of electromagnetic armature, coil, and movable pole block. The mechanical components usually include the valve body, valve stem, lifting spool, spring, and O-sealing ring. The structure of high-speed solenoid valve is shown as Figure 1.



When the high-speed solenoid valve is not energized, the air inlet and outlet are disconnected by the valve element. After it is powered, the electromagnetic armature moves downward due to the magnetic force, driving the push rod to press down the valve core, and the air path is connected.




2.2. Failure Mechanism


There are many factors that cause failure of the solenoid valve, such as failure of sealing parts and aging of the coil and the sealing parts [28]. In fact, the high-speed solenoid valve in the braking system of high-speed train mainly has two kinds of failure: aging of coil and drying up of lubricant. Their influences on solenoid valves are shown in Table 1.



Aging of the coil will reduce the coil resistance of the solenoid valve and increase the stable current. Dried lubricant will increase the resistance to the spool and slow down the movement speed.




2.3. Modeling


The working process of the solenoid valve can be divided into five stages: suction touching stage, suction motion stage, power-on holding stage, release touching stage, and release motion stage [29]. Reference [30] analyzed the touching and moving stages of the solenoid valve and simplified the suction process into three mathematical equations: circuit equation, magnetic circuit equation, and mechanical equation.



If we do not consider the influence of temperature on resistance, the circuit equation [31] is


  U = I   R + R   L    +   L + L   1      d I   d t   + I   d   L + L   1      d t    



(1)




where U is the excitation voltage of the coil, I is the coil current, R is the coil resistance, R   L   is the additional resistance of coil circuit, L is the coil inductance, and L   1   is the additional inductance of coil circuit.



The magnetic circuit equation [31] is


  L  x  =   μ   0  π D   2  N   2  l   v    4 l   v    l   0  - x   + r D    



(2)




where L is the coil inductance,  μ    0   is the permeability of vacuum, D is the diameter of spool, N is turns of coil, l   v   is the length of armature part of valve core, l   0   is the maximum width of working air gap, r is the length of working air gap, and x is the displacement of valve element. By deriving L(x), we can get the following:


    d L   d x   =   4 μ   0  π D   2  N   2  l    2  v      4 l   v    l   0  - x   + r D     2    =   4 L   2   x    μ   0  π D   2  N   2     



(3)







Based on the mechanical analysis of the movement of the valve core, the mechanical equation can be obtained as follows:


  F   e  =  1 2  I   2    d L  x    d t    



(4)






  F   e  - k x -   C   v  + C   f      d x   d t   = m   d   2  x   d t   2     



(5)




where F   e   is electromagnetic force, k is the force coefficient of spring, C   v   is the dynamic friction factor of valve element, C   f   is the viscous damping coefficient, and m is the quality of valve element.



By combining Equations (3)–(5), we could get the following equation [28]:


      2 L   2   x  I   2    μ   0  π D   2  N   2    -   C   v  + C   f        d x   d t   - k x = m   d   2  x   d t   2     



(6)







According to Equation (6), the displacement of the solenoid valve core is closely related to the change process of driving current.



The dynamic driven current and core displacement of the solenoid valve are shown as Figure 2.



There are three indices related to the driving current and two related to the spool movement: trigger current i   1  , stable current i   2  , current drop Δi, reaction time t   1  , and action time t   2  .



The movement of the valve core and the driving current curve of the solenoid valve are different under each fault condition. The relationship between physical indices and failure factors is shown in Table 2.



The coil aging is mainly caused by aging of the insulation layer, resulting in a smaller coil resistance. Therefore, the stable current i   2   will increase. And after the insulation layer is aged, part of the wire contact is equivalent to the reduction of the number of coil turns, which causes the coil self-induction to become smaller. Consequently, the current drop Δi, reaction time t   1  , and action time t   2   will be reduced.



Drying up of lubricant will increase resistance when the spool is moving, so that the electromagnetic force to overcome the resistance is required to increase, which means the trigger current i   1   and the reaction time t   1   will increase. The increased resistance results in slower spool movement, which reduces the action time t   2   and current drop Δi.



From Table 2, we can see that the influence of these two fault factors on current characteristics is different. In theory, we can judge the fault type by the change of these five physical characteristics. However, in the practical application of the solenoid valve, its degradation process is usually the result of the combined effect of two failure factors. Therefore, it is necessary to extract more information from the current to predict the type of failure. In this paper, the wavelet packet decomposition is used to process the current data to obtain more failure information.





3. Failure Type Prediction Method Using Physical Indices and Data Features


In this section, the scheme of the proposed failure type prediction method using physical indices and data features is presented as Figure 3.



Firstly, the original current signal is collected and the five physical indices are abstracted. Secondly, the current change rate curve is analyzed by the wavelet packet decomposition to get the energy value of each frequency band. Then, the five physical indices and energies of frequency bands are combined into a comprehensive feature vector. Finally, the random forest classifier is applied to get failure type prediction and classification results.



3.1. Data Generation


As mentioned in Section 2, the main failure causes of the high-speed solenoid valve in the actual work process are coil degradation and drying up of lubricant. To collect the driven current signal of high-speed solenoid valve under the influence of these two failure factors in different life stages, we built an accelerated aging test platform.



The physical figure of the test platform is shown in Figure 4. The braking control unit outputs the Pulse Width Modulation (PWM) control signal to make the high-speed solenoid valve operate periodically in 30 ms. The data acquisition card will store the current signal measured by the current transmitter in the industrial computer. The data acquisition period is 5 min, the acquisition time is 1 s, and the sampling frequency is 100,000 Hz



The current data of the high-speed solenoid valve is collected every five minutes. Regarding every five minutes as a cycle, the generated data set consists of 60 solenoid valves, each with more than 3000 cycles.



The driven current curve of the high-speed solenoid valve at the 500th, 1500th, and 2500th cycles are shown in Figure 5. From Figure 5, we can see that as the cycle increases, the stable current increases. In contrast, the action time and the current drop reduce. It is obvious that, as the number of operations increases, the coil has a certain degree of aging and the lubricant has dried up to some extent while we cannot directly judge the change trend of trigger current and reaction time because it is the result of combined action of these two failure factors.




3.2. Feature Extraction


Wavelet packet decomposition can decompose nonstationary signals into independent, arbitrary, and fine frequency bands without redundancy, omission, and orthogonality. It can solve the problem that the frequency resolution of wavelet decomposition is poor in the high-frequency band but that the time resolution is poor in the low-frequency band.



In this section, three-layer wavelet packet decomposition is used to process the current change rate curve and the energy of each frequency band is calculated. The result of three-layer wavelet packet decomposition is shown in Figure 6. As the energy value of each frequency band may vary too much, it is normalized as the data feature.



The calculation and normalization of frequency band energy are shown as Equations (7)–(12) [30].


  E   j  =   ∑   k = 1   n     x    j k       2     



(7)




where x    j k   (j = 1:7,k = 1:n) is the amplitude of discrete point of reconstructed signal S   j  .



The energy feature vector is as follows:


  E =   E   1  , E   2  , E   3  , E   4  , E   5  , E   6  , E   7  , E   8     



(8)






   E   s   =    ∑   j = 1   8     E   j      2        1 2    



(9)






  E    i  *  =   E   i    E   s     ( i = 1 , 2 , . . . , 3 )   



(10)







The standard data feature vector is as follows:


  E   *  =   E    1  *  , E    2  *  , . . . , E    8  *     



(11)







The comprehensive feature vector (CFV) is composed of physical indices and data feature vector:


  C F V =   i   1  , i   2  , t   1  , t   2  , Δ i , E   *     



(12)







The comprehensive feature vectors of the new valve, the valve with aged coil, and the valve with dried lubricant are shown in Table 3.




3.3. Failure Type Prediction Using Random Forest


Random forest classifier is an ensemble algorithm based on bagging. On one hand, as a “forest" that builds multiple decision trees to vote for making decisions, it can effectively improve the classification accuracy of new samples and get better performances than just single classifier. On the other hand, compared with other ensemble algorithms, the random forest does not need to perform feature selection and is not sensitive to abnormal samples. Therefore, we choose the random forest to predict the failure type of high-speed solenoid valves in this paper. The method using the random forest to predict the failure type is shown in Figure 7.



We randomly select n samples from the generated data set and randomly select k features from the comprehensive feature vector to construct a decision tree. Then, the m decision trees obtained by repeating the above process m times form a decision forest. The prediction and classification results are determined by majority voting.



The random forest samples both the training samples and the features, which fully guarantees the independence between each tree constructed and makes the voting results more accurate. Its randomness is reflected in that the training samples of each tree are random, and the splitting properties of each node in the tree are also randomly selected. With these two random factors, even if each decision tree is not pruned, the random forest will not produce overfitting.





4. Experiment and Result Analysis


In fact, when the solenoid valve could be opened normally, as the number of actions increases, the coil will age and the lubricant will dry up. The final failure type depends on the severity of each of the two failure factors. To predict the failure type before it breaks down, the random forest is applied for prediction and classification based on the comprehensive feature vector extracted in Section 3.2.



Based on the accelerated aging test platform, we obtained the driven current data of the full life cycle of 60 high-speed solenoid valves. Among them, 37 high-speed solenoid valves finally failed due to the aged coils and the other 23 broke down because of the dried lubricant.



In this section, the random forest is used to predict the failure type of high-speed solenoid valves. To evaluate the prediction performance of the random forest, the model is tested by three-fold cross validation. It means, that in each round of three-fold cross validation, 40 samples are randomly selected as the training set and the remaining 20 samples are used as the test set; then, the average of the three test results is used as the estimate of the model performance. The prediction performance of the random forest model based on the comprehensive feature vector, the physical feature vector, and the data feature vector at cycle 3000 are shown in Table 4.



The calculation formula for precision, recall, and F1-score are shown as Equations (13)–(15) [32].


  P r e c i s i o n =   T P   T P + F P    



(13)




where TP is the number of coil aged samples predicted to be coil aged and FP is the number of samples with dried lubricant predicted to be coil aged.


  R e c a l l =   T P   T P + F N    



(14)




where FN is the number of coil aged samples predicted to be dried lubricant.


  F 1 =   2 × P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l    



(15)







Similar to the prediction of the aged coils for a high-speed solenoid valve, we predict the lubricant failure of the solenoid valve, and the results of its three-fold cross validation are shown in Table 5.



From Table 4 and Table 5, we can see that the comprehensive feature vector combining physical and data features helps the random forest get the best prediction performance. The prediction performance of the aged coils is better than the lubricant failure.



In order to study the relationship between the life cycles of the high-speed solenoid valve and the prediction performance, the current data at different stages are used for prediction. We use the accuracy to evaluate the prediction performance of models. The accuracy is calculated as Equation (16).


  A c c u r a c y =   T P + T N   P + N    



(16)




where TP is the number of coil aged samples predicted to be coil aged, TN is the number of samples with dried lubricant predicted to be lubricant failure, P is the number of coil aged samples, and N is the number of samples with dried lubricant.



The prediction performance comparison result with several common classification algorithms, such as k nearest neighbors (KNN), support vector machine (SVM), and Decision Tree (DT), is shown in Figure 8. We can see that, as the number of cycles increases, the accuracies of all algorithms become higher. The reason is that, with the continuous aging of the high-speed solenoid valve, its failure trend becomes more and more obvious, which means it is getting closer to a certain failure type. The F1-score of random forest is higher than other algorithms at any stage, which means it has the best prediction performance to the compared algorithms.




5. Conclusions


The high-speed solenoid valve is a key component of the braking system. Its reliability is closely related to the safe operation of the braking system. Previous work paid more attention to predicting the remaining useful life of the solenoid valve, based on which the solenoid valve could be replaced timely before it fails. However, in actual operations, there are two main causes of the failure of the high-speed solenoid valve: the aging of the coil and the failure of the lubricant. It is more reasonable to repair the solenoid valve with lubricant failure rather than to replace it directly by adding lubricant oil. To improve the maintenance quality and to ensure the reliability of the solenoid valve, this paper proposes a failure type prediction method using physical indices and data features for high-speed solenoid valve in braking systems. Five physical indices are extracted from the driven current curve, and eight frequency band energy features are extracted from the current change rate curve by wavelet packet decomposition. Then, the physical indices and energy features are combined into a comprehensive feature vector. Finally, the random forest is applied to predict the failure type based on the comprehensive feature vector.



The proposed method is validated on a data set consisting of 60 high-speed solenoid valves periodically switched under accelerated aging test conditions. The prediction performance of the proposed method is compared with the performance based on physical index vector and data feature vector, and the result shows that the proposed method has the precision of 95.95% and 94.68% for the two failures at the 3000th life cycle of the solenoid valve, respectively. It is higher than both physical-based and data-based methods, which means that the combination of physical indices and data features is effective in improving the prediction performance of the random forest. In addition, the prediction performance of the applied random forest is compared with several commonly used machine learning algorithms such as KNN, SVM, and DT. As an ensemble classifier with multiple decision trees, the random forest makes decisions based on the predictions of all decision trees and thus could get better performance than just a single classifier. The experiment results also prove that the prediction performance of the random forest is the best in almost all life stages of the high-speed solenoid valve.
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Figure 1. The structure of the high-speed switching solenoid valve. 
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Figure 2. Dynamic driven current and core displacement of the high-speed solenoid valve. 
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Figure 3. Scheme of proposed failure type prediction using physical indices and data features. 
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Figure 4. Accelerated aging test platform: (a) the accelerated aging test platform of the high-speed solenoid valve and (b) the generalized representation of the test platform, where the green lines are the signal flow and the blue lines are the air flow. 
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Figure 5. Driven current curves of the high-speed solenoid valve at different life cycles. 
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Figure 6. Results of feature extraction by wavelet packet decomposition on the current change rate curve of the high-speed solenoid valve: (a) Driven current curve of the solenoid valve on the 3000th cycle; (b) current change rate curve of the solenoid valve on the 3000th cycle; and (c) the result of three-layer wavelet packet decomposition on the current change rate curve of the solenoid valve on the 3000th cycle. 
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Figure 7. Algorithm flow of random forest applied to failure type prediction. 






Figure 7. Algorithm flow of random forest applied to failure type prediction.



[image: Applsci 10 01323 g007]







[image: Applsci 10 01323 g008 550] 





Figure 8. The prediction performance comparison result. 
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Table 1. The impact of each type of failure.
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Failure Type

	
Representation






	
Aging of coil

	
the resistance of the coil decreases




	
the steady state current increases




	
Drying up of lubricant

	
the movement resistance increases




	
spool speed reduces
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Table 2. Relationship between physical indices and failure types.
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	Physical Index
	Aging of Coil
	Drying up of Lubricant





	Trigger current i   1  
	-
	↑



	Stable current i   2  
	↑
	-



	Reaction time t   1  
	↓
	↑



	Action time t   2  
	↓
	↓



	Current drop Δi
	↓
	↓
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Table 3. Comprehensive feature vectors of solenoid valves under different states.
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	CFV
	New Valve
	Valve with Aged Coil
	Valve with Dried Lubricant





	i   1   (A)
	0.2864
	0.1926
	0.3254



	i   2   (A)
	0.6422
	0.5101
	0.6188



	t   1   (ms)
	3.31
	4.06
	4.37



	t   2   (ms)
	1.27
	0.95
	0.30



	 Δ i (A)
	0.0972
	0.0249
	0.0026



	   E    1  *    
	0.34565
	0.30332
	0.21379



	   E    2  *    
	0.0075
	0.00489
	0.00356



	   E    3  *    
	0.00076
	0.00053
	0.00028



	   E    4  *    
	0.00155
	0.00113
	0.00086



	   E    5  *    
	0.00026
	0.00015
	0.00009



	   E    6  *    
	0.00048
	0.00035
	0.0002



	   E    7  *    
	0.00037
	0.00035
	0.00013



	   E    8  *    
	0.00081
	0.00061
	0.00027
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Table 4. Prediction performance of aged coils.
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	Performance Matrics
	Precision
	Recall
	F1-Score





	Proposed method
	95.95%
	94.83%
	95.39%



	Physical index vector
	94.71%
	91.12%
	92.88%



	Data feature vector
	93.37%
	92.32%
	92.84%
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Table 5. Prediction performance of lubricant failure.






Table 5. Prediction performance of lubricant failure.





	Performance Matrics
	Precision
	Recall
	F1-Score





	Proposed method
	94.68%
	94.04%
	94.36%



	Physical index vector
	94.05%
	92.48%
	93.26%



	Data feature vector
	93.56%
	92.78%
	93.17%
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