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Lithium-ion batteries are widely employed in industries and daily life. Research on the state of health (SOH) of batteries is essential for grasping the performance of batteries, better guiding battery health management, and avoiding safety mishaps caused by battery aging. Nowadays, most research adopts a data-driven artificial intelligence approach to assess SOH. However, the majority of approaches are based on entire voltage, current, or temperature curves. In reality, voltage, current, and temperature are frequently presented in segments, leading to the limited flexibility and slow analysis speed of the traditional techniques. This study solves the problem by dividing the whole voltage curve into many typical kinds of segments with equal timescales based on different typical voltage beginning points. On this foundation, the temporal convolution network (TCN) is used to create a sub-model of SOH estimation for several typical kinds of segments. In addition, the sub-models are fused using the bootstrap aggregating (Bagging) approach to boost accuracy. Finally, this research uses a publicly available dataset from Oxford to demonstrate the effectiveness of the suggested strategy.
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INTRODUCTION
Lithium-ion batteries are widely used in aerospace, electronic products, electric vehicles, and power systems because they are environmentally friendly, efficient, and long-lived (Bijoy et al., 2019; Zhang et al., 2019). However, the frequent fire accidents have sounded an alarm to people, making people gradually realize the seriousness of the aging problem of lithium-ion batteries and the importance of health management. The battery management system (BMS) (Wang et al., 2022) is an important part of the battery system. For safety and reliability, its most important parameter is the state of health (SOH). SOH reflects the current performance of the battery on a long timescale, which can be used to guide the replacement of lithium-ion batteries and avoid safety accidents caused by battery performance aging to a certain extent.
The definition of a lithium-ion battery health state is usually based on impedance and capacity (Li et al., 2020). The former can be obtained by electrochemical impedance spectroscopy or the equivalent circuit model; the latter is determined by the current integration method. In contrast, the latter is widely used because it is easier to obtain. The definition form of SOH is given below (Lipu et al., 2018):
[image: image]
where [image: image] represents maximum charge/discharge capacity, [image: image] means rated capacity.
However, the integral operation of the current is accompanied by the accumulation of errors. Therefore, in practice, other methods are often used to evaluate the SOH of the battery. There are three common evaluation methods: empirical model, mechanism model, and data-driven. The method based on the empirical model refers to the equivalent circuit model (Chen et al., 2021a) built by components such as resistance and capacitance to simulate the dynamic behavior of the battery, and realize the evaluation of SOH by identifying the component parameters in the equivalent circuit (Chen et al., 2020; Chen et al., 2021b). However, this method has the disadvantages of low accuracy and unclear physical meaning (Zhao et al., 2019). For the method based on the mechanism model, a series of partial differential equations (Xiong et al., 2018) are used to describe the aging of the battery. Although this method is more accurate, it has problems that are difficult to solve and computationally intensive (Abada et al., 2016). The data-driven method has become the first choice for SOH evaluation because it is no need for modeling.
However, most studies use data-driven methods to estimate SOH by complete curves. In reality, it is difficult to collect complete data in practice (Zhong et al., 2021), so the obtained voltage, temperature, and current are mostly presented in the form of fragments. At present, there are few studies on estimating SOH by curve segments. Therefore, literature (Wang et al., 2021) extracted the isobaric rise time as the health factor through feature engineering to evaluate SOH. Literature (Fan et al., 2021) determined the optimal interval for estimating SOH by traversing to select typical voltage segments and then determines SOH by matching unknown segments with typical segments. However, when the amount of data increases, the computational complexity will further increase. At the same time, it should be noted that the SOH evaluation of the battery belongs to a few-shot problem, so the manually extracted features or set sample intervals are difficult to ensure good generalization performance. Literature (Zhou et al., 2019) used dilated Kalman filter and Gaussian process regression to predict the full charge time and obtain SOH by segmented charging data but did not study the discharge segment. Literature (Liu et al., 2021) obtains fixed-length charging segment, fixed-length discharge segment, and variable-length charging segment based on alignment operation, and uses an encoder to study SOH. However, the selected segment has a long timescale.
There is almost no constant current charge/discharge condition in the real world, but it can be approximated as a constant current condition in a short time. Therefore, it is of practical significance to split the charge/discharge curves obtained under laboratory conditions into small fragments. According to the starting point of voltage, this paper divides the charge/discharge voltage curve under the constant current condition in the laboratory into several kinds of typical segments with the same time scale to simulate the scenarios in practical engineering. The mathematical essence of SOH prediction for segments is time series regression, where TCN performs better than recurrent neural networks (Zhang, 2018). As a result, TCN is used to establish a SOH prediction sub-model with rapid prediction capabilities on various types of segments. To improve the prediction accuracy, Bagging is used for model fusion. The outstanding contributions of this paper are:
1) With the proposed method, lithium-ion batteries can be evaluated for their SOH by using segments, which can be used for rapid evaluation of batteries;
2) The experimental results show that the prediction results of some types of fragments meet the requirements of the actual BMS (i.e. the error is no more than 5%), indicating that the proposed method has good flexibility;
3) Proper integration of models can improve the accuracy of prediction. In view of this, this paper puts forward some suggestions.
SOH EVALUATION MODEL
Acquisition of Curve Segments
In the laboratory, reference charge tests or reference discharge tests are mostly used to determine the SOH, and both of them include the stage of constant current. Since the temperature on the surface of batteries is easily disturbed by the external environment, the voltage is relatively stable. Therefore, the voltage is used to evaluate the SOH in the stage of constant current. As shown in Figure 1, each complete curve is divided into several segments with the same timescale, the timescale of this paper is chosen as 100 s, and the voltage corresponding to the beginning of the segment is an integral multiple of 0.1 V.
[image: Figure 1]FIGURE 1 | Typical fragment extraction.
Temporal Convolutional Network
TCN is mainly composed of dilated causal convolution and residual connection, as shown in Figure 2. Among them, the former is defined as dilated causal convolution given below:
[image: image]
[image: image]
where [image: image] is the convolutional kernel, which has a size of [image: image], [image: image] stands for the input sequence, [image: image] means the index of the certain element of [image: image], d and [image: image] represents the dilated factor and base dilated factor respectively.
[image: Figure 2]FIGURE 2 | TCN architecture.
While for the latter,
[image: image]
where [image: image] is the input of each layer of the network, equivalent to the arrow below the green circle in the figure, which consists of identity mapping and residual connection [image: image] Among them, the former adopts several convolutions of 1 multiplied by 1, so that the shape of the input and output is consistent, while the latter includes repeated dilated convolution, weight normalization, activation function, and dropout, which can expand the receptive field, accelerate training of model, introduce nonlinearity, prevent the gradient from disappearing and overfitting, respectively. With the help of residual connection, the problems of gradient disappearance and explosion can be effectively alleviated, and the degradation of the model can be avoided. Finally, the results of identity mapping and residual connection are superimposed and need to be further activated to obtain the ultimate output [image: image].
Bagging
Bagging is an integrated learning method (Wang et al., 2015), which reduces the generalization error and further improves the accuracy and stability of prediction by fusing several sub-models. The basic steps are as follows:
1) Extract the training set from the original sample set. Using Bootstrap, n training samples are extracted from the original data set each time. Therefore, after k rounds of extraction, a total of k training sets are obtained.
2) For each training set, a model is trained respectively, and a total of k models are obtained.
3) Calculate the average of the predicted values of k models as the final prediction result.
Overall Framework of the SOH Estimation Model
As shown in Figure 3, the model framework is mainly divided into two parts: establishing a SOH prediction sub-model based on typical segments by TCN and establishing an ensemble model using Bagging. The sub-models are trained by using the voltage segments as input and the SOH as output, while the ensemble models are trained by using the results of different sub-models as input and the real SOH as output. For the convenience of explanation, the segment is defined by the voltage corresponding to the segment start time, such as segment 3.8. The sub-model established on this type of segment is recorded as sub-model 3.8.
[image: Figure 3]FIGURE 3 | The overall framework of the SOH evaluation model.
OXFORD DATASET
The test data set is provided by Oxford University (Birkl, 2017). For eight small lithium-ion batteries Cell1 ∼ Cell8 with a capacity of 0.74Ah, the characteristic measurement is carried out after every 100 driving cycle tests (André, 2004). The characteristic measurement includes cyclic charge and discharge tests, i.e. constant current charge and discharge (both charge and discharge currents are 1C, i.e. 0.74 A), charge cut-off voltage, and discharge cut-off voltage is 4.2 and 2.7 V respectively. The voltage and temperature are sampled in the test, and the sampling period is 1 s.
As regards the usage of data, Cell1∼Cell4, Cell5∼Cell6, and Cell7∼Cell8 are used for training set, verification set, and testing set respectively. Different sub-models are obtained according to different typical segments.
For the ensemble model, for the Oxford data set, the prediction results of different sub-models on Cell 7 are selected as the input of the training set, the real SOH value is used as the output, and the Bagging algorithm is used for training to obtain the total model. On this basis, the SOH of Cell8 is predicted.
EXAMPLE ANALYSIS
Hardware Environment and Experimental Platform
The model is developed in Python language and simulated on a server equipped with four GeForce RTX 2080 Ti graphics cards using pytorch1.7.0 and scikit0.23.1 learning framework.
Experimental Results and Performance Indicators
The prediction results are quantitatively evaluated by max absolute error (AEmax), mean absolute error (MAE), and root mean square error (RMSE) (Lin et al., 2022):
[image: image]
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Sub-model Prediction Results
The typical voltage segment of the same type in each charge/discharge process was taken as the input of TCN, and the SOH corresponding to the voltage segment was taken as the output, to establish the SOH evaluation sub-model for the typical voltage segment. As for model parameter configuration, the details are as follows: the learning rate is 1E-3, the size of the convolution kernel is 3, the number of network layers is 8, the batch size is 32, and the optimizer is Adam. Refer to Table 1 for SOH prediction results of the charging and discharging processes of Cell7 and Cell8.
TABLE 1 | SOH prediction results of the charging and discharging processes of Cell7 and Cell8.
[image: Table 1]It can be seen from the table that for the charging process, except that the prediction effects of sub-model 3.7, sub-model 3.9, and sub-model 4.0 can not meet the requirements of BMS, the sub-models based on other typical segments can be used in BMS. For the discharge process, the effect of sub-model 3.9, sub-model 3.4, and sub-model 3.3 is poor. Short-time scale segmentation can be employed for SOH assessment, according to preliminary findings based on analysis and comparison. On the other hand, segments may be flexibly selected in real-world scenarios.
The Prediction Results of the Ensemble Model
We use many methods to fuse models, such as random forest regression (RFR), gradient boosting regressor (GBR), support vector regression (SVR), K-nearest neighbor (KNN), decision tree (DT), extra tree (ET), AdaBoost, and bagging. The basic learners of Bagging and AdaBoost are both decision tree. Different sub-models are selected to build the ensemble model according to [image: image]. For example, the [image: image] of sub-model 3.5, sub-model 3.7, and sub-model 3.8 on Cell7 in the discharge process are less than 4, we integrate these sub-models to predict the real SOH of Cell7 using the results of these sub-models on Cell7 as input. Then, the SOH of Cell8 is studied using the ensemble model that has been established. The performance of different ensemble models can be found in Table 2.
TABLE 2 | Prediction effect of the ensemble model by different algorithms.
[image: Table 2]Sub-model 3.8 performs best in the charging process, and its performance indicators on cell 8 are [image: image] (1.178), [image: image] (0.318), and [image: image] (0.415). When fusing other sub-models with sub-model 3.8, the performance of the ensemble model is worse than sub-model 3.8, indicating that the prediction performance of sub-model 3.8 is disturbed by other sub-models. As a result, the benefits of model fusion are not reflected. The discharge procedure follows the same pattern. Simultaneously, comparing the performance of various methods, RFR and bagging have the best performance. Bagging is used for follow-up experiments because it is simpler.
It can be found from Table 2 that when a better sub-model is fused with the sub-models with worse performance, the ensemble model’s performance is diminished. As a result, it is proposed that the sub-models should be fused according to the interval split by the [image: image] value, i.e., the sub-models with similar performance should be fused, as indicated in Table 3.
TABLE 3 | Prediction effect of the ensemble model (Bagging).
[image: Table 3]As shown in Table 3, [image: image] in the second column refers to the performance of the sub-model on Cell7, and the sub-models in the third column are sub-models that meet the conditions in the second column. The [image: image], [image: image], and [image: image] in the fourth to sixth columns are the set formed by [image: image], [image: image], and [image: image] of the sub-models in the third column on Cell8, while the indicators in the seventh to ninth columns are the performance of the ensemble model on Cell8.
When sub-models with similar performance are fused, except the ensemble models constructed by sub-model 3.8 in the charging process and sub-model 3.8 in the discharge process are poor, ensemble models show better performance than sub-models. In particular, the [image: image] and [image: image] of these ensemble models decreased significantly. Figure 4 shows the prediction of the ensemble model constructed by sub-model 3.5 and sub-model 3.7 in the discharge process. It can be found in Figure 4 that the prediction of the ensemble model is closer to the real value and has less variance. In (Lin et al., 2022), the complete voltage curve is used to calculate multiple features, and MLR, SVM, and GPR are fused by random forest. Its results on cell 8 are [image: image], and [image: image], which is slightly better than ours, but we only use segments of the voltage curve to predict.
[image: Figure 4]FIGURE 4 | Prediction effect of the ensemble model.
CONCLUSION
The conclusions that can be drawn from the above experiments are: 1) It is feasible to use short timescale segments for SOH estimation, which enables fast estimation of SOH. At the same time, it shows that the selection of segments can be flexible in practice, that is, the segments with shorter time scales or at other locations can be selected for the rapid prediction of SOH. 2) The prediction performance of the ensemble model is closely related to the prediction performance of each sub-model instead of the number of sub-models. When a single sub-model with poor prediction performance participates in model fusion, it may weaken the prediction performance of other sub-models with better performance to a certain extent, and the prediction performance of the ensemble model is even lower than that of a single sub-model. Therefore, when improving the performance of the ensemble model, we should not only consider choosing different algorithms but also try to integrate the models with similar performance, which will achieve better prediction performance. In particular, sub-models with excellent performance are not recommended to participate in the fusion alone, which may lead to the risk of over-fitting.
Since the simulation of the practical application scenarios is still based on the premise of constant current, it is necessary to combine current with voltage for a more rapid and accurate prediction of SOH in the future.
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