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Abstract

:

The lithium-ion battery state of health (SOH) estimation is an essential parameter to ensure the safety and stability of the life cycle of electric vehicles. Accurate SOH estimation has been an industry puzzle and a hot topic in academia. To solve the problem of low fitting accuracy of lithium-ion battery SOH estimation in a traditional neural network, a nonlinear autoregressive with exogenous input (NARX) neural network is proposed based on the charging stage. Firstly, six health factors related to the lithium-ion battery aging state are acquired at the charging stage because the charging process has better applicability and simplicity than the discharging process in actual operation. Then six health factors are pre-processed using the principal component analysis (PCA) method. The principal component of the input variable is selected as the input of the neural network, which reduces the dimension of input compared with the neural network model without principal component analysis. The correlation between the inputs is eliminated. To verify the rationality of the proposed algorithm, two public aging datasets are used to develop and validate it. Moreover, the proposed PCA-NARX method is compared with the other two neural networks. The simulation results show that the proposed method can achieve accurate SOH estimation for different types of lithium-ion batteries under different conditions. The average mean absolute error (MAE) and root mean square error (RMSE) are 0.68% and 0.94%, respectively. Compared with other neural networks, the prediction error is reduced by more than 50% on average, which demonstrates the effectiveness of the proposed SOH estimation method.
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1. Introduction


With the rapid development of new energy technology, electric vehicles have been greatly improved in performance and efficiency. They have been widely recognized and their sales have shown a growing trend. Lithium-ion batteries are widely used in electric vehicles due to their high power-density, low-temperature performance, and long service life. However, owing to the complex and uncertain operating conditions of electric vehicles, the power battery system is working in a complex condition integrating chemical, electrical, and mechanical properties. In order to ensure the safe and reliable operation of the power battery system throughout the life cycle, the battery management system (BMS) is essential for electric vehicles. State estimation is the most critical function of the battery management system. Accurate estimation of lithium-ion battery state of health (SOH) is one of the most critical parameters to ensure electric vehicles’ reliability, safety, and stability. SOH estimation has become a hot and challenging research topic in BMS. However, there are still some problems in SOH estimation, such as low accuracy and poor practical applicability. Therefore, a robust and accurate SOH algorithm is needed to solve these challenges.



The output power and the maximum storage capacity of the lithium-ion battery will decrease with the aging degree of the battery [1]. SOH is an index used to evaluate the degree of the aging of power batteries. Internal reflections of battery aging include capacity decay, increased internal resistance, and power degradation. SOH estimation generally uses the ratio of the battery’s current capacity to the initial capacity, which reflects the current energy storage performance of the battery. It is commonly defined that the battery pack needs to be replaced when the SOH is below 80%.



Recently, SOH estimation methods can be broadly classified into direct measurement methods, model-based methods, and data-driven methods. Direct measurement methods are used to identify the cell capacity or internal resistance offline in the laboratory environment. Kong et al. [2] calculate the maximum releasable capacity by the coulomb counting method to obtain the battery SOH. This approach is simple in principle, but it is an open-loop measurement with poor estimation accuracy. Galeotti et al. [3] evaluated the SOH by the variation of the specific peak impedance spectrum in the experiment, which required the help of an electrochemical workstation to excite the battery device. The equivalent circuit model adaptively identifies the model parameters and completes the SOH calibration. Generally, two or more filters or observers are used to simultaneously estimate model parameters and state of charge (SOC). Direct measurement methods commonly use impedance measurement, ohm internal resistance method, and coulomb counting method. The coulomb counting method, under the condition of laboratory or another stable release maximum available, has capacity to evaluate [4]. The impedance analysis method is obtained by different frequencies of alternating current excitation batteries through electrochemical impedance spectroscopy (EIS). As explained in literature [5], the EIS of power battery is closely related to the aging state; the SOH can be obtained by obtaining the characteristic parameters of battery EIS, which depends on the complex test equipment. It is difficult to apply to actual battery modules, so relevant scholars have proposed methods based on measured voltage, which use small changes in the incremental capacity (IC) curve and the differential voltage (DV) curve to evaluate the aging mechanism of the battery through corresponding mathematical changes (differential). The changes in the shape, height, and position of the IC peaks in the IC curve reflect the battery’s aging. Similarly, the DV peak of the DV curve provides the corresponding aging information. Berecibar et al. [6] estimated the SOH by the change of each peak interval of the DV curve during the cycle, and Weng et al. [7] used the peak height of the IC curve to monitor the battery health. Li et al. [8] used a Gaussian filter to estimate SOH according to the linear regression relationship between the peak position of the IC curve and the battery capacity. Zhang et al. [9] combined ICA analysis with support vector regression (SVR) to construct an SOH estimation model. In addition, related scholars have used some additional devices to detect battery health status, similar to the IC/DV based analysis. Differential thermal voltammetry (DTV) analysis [10] combines IC analysis with high-precision temperature measurement. Cannarella et al. [11] used the thermodynamic information of measurement to get related aging information. The mechanical stress generated by the expansion of electrode material is considered the growth of solid electrolyte interface (SEI) film, and the SOH is estimated by establishing the differentiation of a cell strain and charge.



Based on the study of decay principles and internal structural properties, model-based methods use mathematical models or cell decay mechanism models to model cell decay properties and combine filtering techniques to predict SOH. The electrochemical degradation mechanism model requires an analysis of the electrochemical properties inside the cell, such as the electrolyte concentration and the lithium-ion diffusion rate, which is more detailed for the internal mechanisms of the cell. However, the number of parameters is too large to build a series of partial differential equations describing the internal reaction mechanism, and the calculations are highly complicated. Liu et al. [12] proposed a pseudo-two-dimensional (P2D) model for joint estimation of the SOC and SOH by predicting the average lithium concentration under charge and discharge cut-off voltage to achieve SOH estimation. Bhangu et al. [13] built an EKF algorithm with capacity as the state parameter to estimate the battery capacity in real-time to calculate SOH. Since the battery capacity is easily affected by environmental temperature and charging and discharging current, the accuracy of this method could be better. Empirical degradation models have great adaptability in the trade-off between accuracy and complexity. However, their applicability is limited to different types of battery degradation characteristics and operating conditions, and it is difficult to predict capacity regeneration phenomena during cell aging accurately. Han et al. [14] found that the Arrhenius dynamic equation is used to model the capacity aging.



The direct measurement method needs to take into account the internal chemical mechanisms of the battery, while the model-based method is difficult to describe the dynamical properties of the battery due to its uncertainty. With the development of big data and cloud platform computing, data-driven machine learning algorithms have gradually gained popularity in the field of SOH estimation. The data-driven approach has been used in different fields such as 3D printing [15,16] and focuses on extracting relationships between inputs and outputs data. It does not use any transparent mathematical model or extract the aging characteristics from the degradation process. Machine learning algorithms selection is the key to influence the method accuracy and applicability, related applications more method as a neural network [17,18], support vector machine (SVM) [19,20], extreme learning machine (ELM) [21,22], and gaussian process regression (GPR) [23,24]. Feature extraction is a key step, and accurate input data can achieve more accurate prediction and less computational burden. Yang et al. [25], based on battery model parameters (polarization capacitance) as input to train support vector machine algorithm, also need to use an electrical model based on online estimation to simulate battery characteristics. For batteries operating under time-varying operating conditions, the LSTM [26,27] can effectively predict battery degradation capacity. Chaoui et al. [28] adopted the input delay neural network (ITDNN) method for training. For feature extraction, Lin et al. [29] proposed a method to estimate battery SOH using random forest regression for constant current charging time (CCCT) as the characteristic value. This method has better accuracy and less input data than the method based on incremental capacity analysis. Several papers [30,31] used partial charge curve to estimate SOH, which has the advantages of high accuracy and robustness. Cui et al. [32] used a nonlinear autoregressive with exogenous input (NARX) to estimate SOH through feature extraction in charge and discharge stage, but health factor extraction in constant discharge stage was obviously inconsistent with the actual working condition.



The health status of lithium-ion batteries is a time series of continuous degradation. The corresponding scholars [33,34] adopt data-driven methods based on the traditional neuron network with only spatial clustering function, which cannot effectively simulate the cumulative effect of the health status formed with the time series. Therefore, when these neuron functions simulate complex nonlinear models (time series of lithium-ion battery state of health), the fitting effect still needs to be improved. Considering the need to choose a model with simple structure and reasonable prediction accuracy, NARX is a good choice. Meanwhile, considering that the complex variability of the discharge process in the actual operating condition is different from the simple constant current discharge in the laboratory, the estimation of the battery SOH in the constant current discharge stage is obviously not in line with the actual operating conditions of the electric vehicles. In the actual operation, charging process is more applicable, and the information in the charging stage of the dataset can be analyzed to obtain the relevant health characteristics, which can be mapped to the battery health state. Therefore, this paper proposes a NARX neural network for accurate and robust SOH estimation based on the charging stage; the main contributions are as follows:




	(1)

	
Considering that the charging stage is more applicable for the actual application of electric vehicles, six health factors related to the health status of lithium-ion batteries are extracted from the charging stage, the current, voltage, and temperature signals are extracted from the charging stage to fully describe battery aging characteristics.




	(2)

	
PCA is used for dimensionality reduction which can eliminate the error influence of irrelevant variables on the model and the multiple correlations between health indicators (HIs) and reduced training time.




	(3)

	
Considering the time characteristics of lithium-ion battery health state, a NARX model with simple structure, small amount of calculation, and reasonable prediction accuracy is proposed, which improves the generalization ability and simulation ability of the network.









The remainder of this paper is arranged as follows: Section 2 introduces how to extract six health factors from the charging phase of two public datasets, and how to extract the HIs using the principal component feature extraction method. Section 3 explains the NARX neural network. Section 4 discusses the results. Section 5 gives the conclusion.




2. Lithium Battery Dataset Analysis and Health Factor Extraction


2.1. Acquisition of Lithium Battery Dataset


Two public datasets published by NASA PCoE and the University of Oxford, respectively, have been used to analyze aging properties and develop SOH estimation models for lithium-ion batteries. The 18650 cylindrical cells used in the NASA dataset are rated at 2 Ah and charged, discharged, and impedance tested at room temperature. The charging process uses a constant current of 1.5 A to 4.2 V, followed by a constant voltage of 4.2 V to continue charging until the charging current is less than 0.2 A. The discharge process uses 2 A for constant discharge so that the lithium-ion battery repeatedly accelerated aging until the battery reaches 30% of the initial capacity (EOL). The Oxford Battery degradation dataset uses 8 lithium-cobaltite bagged batteries with a rated capacity of 0.74 Ah. The batteries are repeatedly aged through constant current and constant voltage charging and discharge process in urban driving conditions of ARTEMIS at a constant ambient temperature of 40 °C. The two datasets include voltage, current, and temperature information during the charging and discharging process. As shown in Figure 1, the aging curves are inconsistent under the same aging test conditions for the batteries in the two datasets due to subtle differences in the internal materials and structures.




2.2. Selection of Health Factors


Health factors typically refer to characteristic quantities that can indirectly reflect the deteriorated state of the battery. It can be extracted from voltage, current, and temperature data. Processing historical data and selecting health factors is critical for developing battery SOH algorithm. During the actual operation, the lithium-ion battery cycle is particularly long, and the discharge state is complicated and variable. Therefore, this paper aims to estimate the SOH of a lithium-ion battery during a relatively stable charging process. The SOH estimation algorithm presented in this paper is validated using the NASA dataset (e.g., B0006) and the Oxford dataset (e.g., Cells 1). The voltage, current, and temperature curves of these two datasets are presented in Figure 2.



It is evident from Figure 2a,d that there is a clear difference in the moment when the voltage of different cycles reaches its peak (4.2 V) during the constant current charging phase. The higher the aging degree, the shorter the time required, which directly reflects the reduction of the available capacity of the battery at this time. As shown in Figure 2b, in the constant voltage charging process of B0006 battery, the initial current drops rapidly, and the gradient of the charging current drops sharply at this time, and then the gradient of the charging current drops slowly. With the increase of the cycle times, the gradient of the charging current drops more rapidly. It should be noted that the Oxford aging dataset battery only records the constant current charging phase. Therefore, we only extracted the CC charging stage for the Oxford dataset. As can be seen from Figure 2c,f, during the whole charging process, the peak temperature of the battery does not have an obvious rule but the average temperature increases with the increase of charging and discharging times, which also corresponds to the internal mechanism that the aging degree of the battery increases, its internal resistance increases, and the heating becomes more obvious. It can also be seen that the time when the battery reaches the peak temperature becomes earlier with the increased number of cycles. From the above analysis, six indicators can be selected as battery health factors: equal voltage rise time, constant current charging time, average charging current, peak temperature, current drop gradient at constant voltage stage, and average charging voltage. Considering the actual operating conditions, the charging time from 3.8 V to 4.1 V is selected as the constant voltage rise time. The average charging current and current drop gradient at the constant voltage stage are only extracted for the NASA dataset. Figure 3 shows the relationship between health factors and cycles after normalization of NASA dataset.




2.3. Feature Extraction of Health Indicators


PCA is a commonly used data analysis method to transform original data into linearly independent data by orthogonal transformation. The correlation between data can be reduced, and the principal feature quantity of data can be extracted to reduce the dimension of high-dimensional data to reduce the amount of computation while reducing the loss of information as much as possible. The algorithm steps of PCA are as follows [32]:



Before PCA, the original data needs to be normalized. In order to reduce the error caused by large data differences caused by dimensional differences of each dimension data, the original data are standardized. Suppose there are    x 1   ,    x 2   , …,    x k    representing the properties of each object. In this paper, we refer to the time series data of HIs. If there are N objects, it can be represented as:


       X  N × k   =        x  11      ⋯     x  1 k        ⋮   ⋱   ⋮       x  N 1      ⋯     x  N k              



(1)







The central standardization formula is as follows:


       S j  =    1  N − 1      ∑   i = 1  N        x  i j   −    x j   ¯     2      i = 1 , 2 , … , k ;   j = 1 , 2 , … , N        



(2)




where    S j    and      x j   ¯    are the variance and mean of    x j   , respectively. Next,


       X  i j  ,  =    x  i j   −    x j   ¯     S j         



(3)




where    X  i j  ,    is the normalized matrix data.



To establish correlation matrix R (covariance matrix);


      R =    X  , T    X ,    N − 1        



(4)




where    X ,    is the normalized matrix and    X  , T     is its transpose matrix. Then calculate the eigenvalues    λ 1  ,      λ 2   , …,    λ k    (from small to large) and the corresponding eigenvectors    p 1   ,    p 2   , …,    p k     .



As can be seen from Table 1, the number of principal components is determined by calculating the variance contribution    μ i    and cumulative variance contribution    σ Σ   p   . Usually, several principal components with cumulative contribution rate greater than 75% to 95% are selected as new input variables. As can be seen from Table 1, the cumulative contribution of the first two, three, and four principal components are 91%, 98.9%, and 99.9%, respectively. Therefore, the first three principal components are selected as new HIs to predict SOH.


             μ i  =    λ i      ∑  i k   λ i           σ Σ   p  =    ∑  i p    μ i             



(5)









3. Nonlinear Autoregressive with Exogenous Input Neural Network


The NARX neural network consists of an input layer, a hidden layer, an output layer, and an input-output delay part. Hence, it has better performance for time series data. Compared with feedforward neural networks, NARX neural network introduces a delay and feedback mechanism, which can achieve better performance than total regression neural network. The weights of NARX layers are adjusted adaptively through RTRL (Real-time-recurrent-learning), which can better solve the problems of slow convergence and recurrent local extreme value in traditional neural networks. In general, the NARX neural network model can be expressed as:


      y   t + 1   =  f o     b m  + ∑  w  m l    f g     b l  + ∑  w  l k    x k      + ∑  w  l j   y   n − j                



(6)




where    f o   ·    and    f g   ·    represent the activation functions of the output layer and the hidden layer respectively;      w  l k   ,    w  l j   ,    w  l j       and      b l  ,    b m      represent the weight and bias between the corresponding layers;  i  and  j  represent the input and output delay elements.



As shown in Figure 4 the estimated output value depends on the prior output values and the input value. NARX neural network is composed of static neurons and the output feedback of the network to form a dynamic neural network. The network retains the data at the previous moment, which is not only dynamic but also makes the information more complete.




4. Results and Discussion


Mean absolute error (MAE) and root mean square error (RMSE) are used to evaluate the estimation results. The formulas are as follows:


      M A E   X , h   =  1 k     ∑   i = 1  k     h    x i    −  y i      i = 1 , 2 , … , k      



(7)






      R M S E   X , h   =    1 k     ∑   i = 1  k       h    x i    −  y i     2      i = 1 , 2 , … , k      



(8)







4.1. Analysis of the Influence of PCA


In this section, the influence of PCA is analyzed first. The PCA-NARX and a simple NARX neural network are compared. For NASA dataset, B0005 is used to train the neural network and then B0006 and B0007 are used to test the trained model. Figure 5 shows the SOH prediction results of B0006 and B0007 using the PCA-NARX and NARX neural networks, respectively. The input of the PCA-NARX neural network are the first three principal components of Table 1, while the NARX neural network uses the original sequence of six health factors without PCA, and the output of both are battery SOH. In addition, Figure 6 shows the SOH prediction results of Cell 2 and 3 using the PCA-NARX and NARX neural networks. The MAE and RMSE are summarized in Table 2.



As shown in Figure 5 and Figure 6, it can be intuitively seen that the overall estimation performance of the PCA-NARX model is better than that of the NARX model, especially at the beginning of degradation. Figure 5 and Figure 6 show that the overall error of PCA is smaller than the error before PCA. Apart from some anomalous fluctuations, the relative error between the SOH estimation and the true value is less than 2%, and the overall trend is consistent with the actual trajectory. The maximum errors occur in the battery capacity regeneration stage and the initial stage. Similarly, it can be seen from Figure 7 that because there is not capacity regeneration phenomena in Cell 2 and Cell 3 during the aging cycle, the estimation errors of both cells are less than B0006 and B0007, and the relative errors are less than 3%. To be specific, the mean MAE and RMSE values of PCA-NARX method are less than 0.8 %, while the mean MAE and RMSE values of the NARX method exceed 2%. The mean MAE of the PCA-NARX model is 65.65% lower than that of the NARX model. The mean RMSE of the PCA-NARX model is 61.83% lower than that of the NARX model. As can be seen from Table 3, after PCA, the number of iterations and operation time of NARX model decreased by 36.9% and 42.2%, respectively. The principal component method can effectively remove irrelevant information and error variables, making predicted value of SOH closer to the actual value, and improving the estimation performance.




4.2. Comparison of Different SOH Estimation Methods


To validate the accuracy of the proposed model for SOH estimation, the proposed PCA-NARX model is compared with the BPNN and LSTM models. The BPNN and LSTM neural networks are trained in the same way, including the PCA pre-processing, number of hidden neurons, and number of training epochs.



Figure 7 and Figure 8 show the SOH estimation results of the three methods. It can be seen that the three methods are able to track the aging of the SOH, but the NARX method has better accuracy and smoothness. Specifically, the error of the PCA-NARX model in the early and late stages is smaller than that of the BPNN and LSTM in Figure 7 where the BPNN diverges in the late stages of the B0006 cell. The maximum error point for all three models occurs at the early stage of B0006 and at the capacity regeneration point of B0007. This is because the initial data is small and the capacity regeneration phase does not obey the time decay law. As can be seen in Figure 8, compared to Figure 7, the PCA-NARX model makes better predictions with relative errors around 0.01 and the BPNN model fluctuates more frequently. For the actual SOH of the cells, both LSTM and BPNN show varying degrees of fluctuation. The mean MAE and RMSE values of NARX method are less than 1%, while the mean MAE and RMSE values of LSTM method are more than 1%, the mean MAE values of BPNN method are more than 2%, and the mean RMSE values are more than 3%. As can be seen from Table 4, the mean MAE of the NARX model is 58.21% lower than that of the LSTM model and 50.42% lower than that of the BPNN model. The mean RMSE of the NARX model is 74.1% lower than that of the LSTM model and 69.38% lower than that of the BPNN model. Despite its relatively simple structure, BPNN has the largest fluctuations throughout the process, especially during the initial phase of the battery and the end of life (EOL) phase. According to the results, the proposed PCA-NARX model has a better estimation accuracy than the LSTM and BPNN models for SOH estimation. Compared with the LSTM and BPNN methods, the NARX estimation model is suitable for different types of batteries and can achieve accurate estimation results. Moreover, it can adapt to the divergence of the decay trend of the health state caused by battery inconsistency in the case of limited sample data.




4.3. Discussion


The above results demonstrate the effectiveness of charge-based multi-feature extraction and the performance of NARX neural network for SOH estimation, but there are still some limitations and deficiencies. Firstly, the extraction of HIs on the battery for relatively stable laboratory conditions neglects the effect of temperature changes and other conditions, and its feasibility in practical charging processes needs to be further verified. Secondly, this paper only focuses on SOH estimation methods for cell, while SOH estimation methods for the battery pack is not involved, which is also a direction for future research. Finally, parameters such as neurons and hidden layers in the NARX neural network are empirically chosen to be optimal values. Further optimization of the NARX network can be considered in the future. At the same time, it is worth exploring how to maintain a balance between computational load and model accuracy.





5. Conclusions


To address the problem of low accuracy of battery SOH estimation in real-world working conditions, the paper proposes an SOH estimation method for lithium-ion batteries based on the charging phase and PCA-NARX. First, health characteristics strongly correlated with battery capacity are investigated, where six health factors are extracted from the charging phase. Second, the PCA method is used to eliminate redundancy between the extracted HIs. To thoroughly validate the proposed method, two public datasets are utilized to develop and test the proposed method where the results show that the PCA-NARX model can achieve accurate and robust SOH estimation. In addition, LSTM and BPNN are built for comparison and validation. By comparing the simulation results, it is found that the proposed PCA-NARX model has better adaptation and prediction accuracy, where the average MAE and RMSE are 0.68% and 0.79%, respectively. Focusing on the extraction of HIs during the charging phase, the proposed method has more practical applications.



Our future work will focus on different battery types to validate the proposed approach and further optimize the health feature strategy to better match the actual usage conditions. We will then optimize the proposed algorithmic model with less computational effort and better accuracy and apply it to the SOH estimation of the battery pack.
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Figure 1. (a) Capacity curves of NASA dataset; (b) Capacity curves of Oxford dataset. 
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Figure 2. The charging curves of different cycles: (a) The voltage curves of B0006; (b) The current curves of B0006; (c) The temperature curves of B0006; (d) The voltage curves of Cell 1; (e) The capacity of Cell 1; (f) The temperature curves of Cell 1. 
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Figure 3. Relationship between HIs and battery charge cycles. 






Figure 3. Relationship between HIs and battery charge cycles.



[image: Energies 16 01420 g003]







[image: Energies 16 01420 g004 550] 





Figure 4. Topology of the NARX neural network. 
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Figure 5. (a) SOH estimation curves of B0006 before and after PCA; (b) Errors of SOH estimation of B0006 before and after PCA; (c) Comparison of SOH estimation curves of B0007 before and after PCA; (d) Errors of SOH estimation of B0007 before and after PCA. 
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Figure 6. (a) SOH estimation curves of Cell 2 before and after PCA; (b) Errors of SOH estimation of Cell 2 before and after PCA; (c) Comparison of SOH estimation curves of Cell 3 before and after PCA; (d) Errors of SOH estimation of Cell 3 before and after PCA. 
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Figure 7. (a) Comparison of SOH estimation curves of B0006 battery; (b) Errors of SOH estimation of B0006 battery; (c) Comparison of SOH estimation curves of B0007 battery; (d) Errors of SOH estimation of B0007 battery. 
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Figure 8. (a) Comparison of SOH estimation curves of Cell 2 battery; (b) Errors of SOH estimation of Cell 2 battery; (c) Comparison of SOH estimation curves of Cell 3 battery; (d) Errors of SOH estimation of Cell 3 battery. 
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Table 1. Principal component contribution rate of battery HIs.
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	Principal Element Serial Number
	Characteristic Value
	Contribution Rate (%)
	Cumulative Contribution Rate (%)





	1
	4.738
	72.9661
	72.9661



	2
	1.0873
	18.1224
	91.0885



	3
	0.4737
	7.8954
	98.9839



	4
	0.0558
	0.9305
	99.9144



	5
	0.0044
	0.074
	99.9884



	6
	0.0007
	0.0117
	100
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Table 2. Summary of MAE and RMSE before and after PCA.
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PCA-NARX

	
NARX




	
MAE (%)

	
RMSE (%)

	
MAE (%)

	
RMSE (%)






	
B0006

	
0.78

	
1.04

	
1.54

	
1.75




	
B0007

	
1.31

	
1.39

	
1.49

	
1.57




	
Cell 2

	
0.48

	
0.53

	
1.87

	
1.88




	
Cell 3

Average

	
0.14

0.68

	
0.19

0.79

	
3.01

1.98

	
3.06

2.07
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Table 3. Summary calculated rate of before and after PCA.
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PCA-NARX

	
NARX






	
Number of iterations

Calculate the time/s

	
53

	
84




	
74

	
128
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Table 4. Summary of MAE and RMSE of different algorithms.
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PCA-NARX

	
LSTM

	
BPNN




	

	
MAE (%)

	
RMSE (%)

	
MAE (%)

	
RMSE (%)

	
MAE (%)

	
RMSE (%)






	
B0006

	
0.78

	
1.04

	
2.88

	
3.2

	
4.05

	
5.11




	
B0007

	
1.31

	
1.39

	
2.33

	
2.55

	
3.77

	
3.82




	
Cell 2

	
0.48

	
0.53

	
0.88

	
1.18

	
1.33

	
1.71




	
Cell 3

Average

	
0.14

0.68

	
0.19

0.79

	
0.42

1.63

	
0.51

1.86

	
1.36

2.63

	
1.64

3.07
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