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Abstract: Accurate state of health (SOH) estimation of lithium-ion batteries is of great importance for 

achieving efficient energy management in the overall battery energy storage system. Traditional  

data-driven methods for the SOH estimation of lithium-ion batteries usually require an enormous 

amount of data from the whole charging phase, which leads to poor performance in both computational 

efficiency and computational cost. To address this issue, this paper proposes the SOH estimation 

methods for lithium-ion batteries based on the limited data from a selected charging voltage interval. 

First, this study uses incremental capacity curves and Pearson correlation analysis to select an optimal 

and limited charging voltage interval that is the most relevant to lithium-ion battery degradation. Then, 

the SOH estimation based on two typical data-driven methods, including random forest regression (RFR) 

and support vector regression (SVR), would be implemented with the selected charging voltage 

interval. Results show that both the RFR and the SVR methods can achieve excellent accuracy, while 

each has its own irreplaceable advantages. However, compared with other voltage intervals using the 

two data-driven methods, the corresponding SOH estimation with the selected charging voltage interval 

shows the best performance. Hence, the data-driven methods based on the selected charging voltage 

interval have significant potential and advantages in the field of lithium-ion battery SOH estimation. 

Keywords: lithium-ion battery; state of health; data-driven methods; random forest regression; 

support vector regression 
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1. Introduction  

Lithium-ion batteries (LIBs), known for their high energy density, low self-discharge rate, and 

long lifespan, have been widely used in electric vehicles, renewable energy storage systems, and 

portable electronic devices [1,2]. However, with the long-term operation, the overall performance of 

LIBs would gradually degrade [3]. Therefore, accurate estimation of the state of health (SOH) for LIBs 

is very crucial for ensuring efficient energy management and safety of the overall battery energy 

storage system [4,5]. Generally, the battery SOH is influenced by these factors, such as discharge rate, 

operating temperature, and charging-discharging cycles [6]. The common definition of the SOH is the 

ratio of the current maximum usable capacity to the maximum usable capacity of a new battery [7,8]. 

Currently, features from the constant current-constant voltage (CC-CV) charging protocols are widely 

used for the SOH estimation of LIBs due to their simplicity and ease of acquisition [9,10]. However, 

users usually do not fully discharge and then fully charge the battery regularly in accordance with the 

CC-CV protocol in practical applications, posing a significant challenge for the SOH estimation based 

on these data-driven methods with complete data from the entire charging phase. Therefore, the SOH 

estimation based on partial or optimal charging data becomes an urgent requirement in       

practical applications.  

Existing SOH estimation methods can be roughly divided into three categories: 1) empirical or 

semi-empirical models [11,12]; 2) physics-based models [13–15]; and 3) data-driven methods [16–18]. 

Although empirical models are simple, they lack a clear physical significance for LIBs. Physics-based 

models are accurate. However, using physics-based models to estimate the battery SOH would be very 

complicated for users and engineers. Nowadays, data-driven methods have gained increasing attention 

in the battery SOH estimation field due to their model-free nature [19–23]. Wen et al. [19] successfully 

employed an IC curve feature based on a BP neural network to achieve high estimation precision for 

the lithium battery SOH prediction across various temperature conditions. Ren et al. [20] proposed a 

novel SOH estimation method for the lithium-ion battery pack based on cross-generative adversarial 

networks. With a hybrid extreme learning machine based on an adaptive boosting algorithm, this SOH 

estimation method could achieve accurate SOH estimation with incomplete data. Li et al. [21] 

extracted health indicators from public datasets and eliminated redundant features through Pearson 

correlation coefficients and principal component analysis. In addition, Liu et al. [22] proposed a 

capture method for battery degradation by considering the tested voltage, temperature, and current data, 

which could achieve accurate SOH estimation even with minimal training data. Moreover, some 

studies explored data and model joint-driven methods for more precise battery state estimation based 

on unscented Kalman filter or deep learning methods [18,23]. Although these research efforts have 

yielded satisfactory accuracy, they should consider the feasibility of data acquisition and processing in 

practical applications. From the engineering standpoint, obtaining relevant data from smaller datasets 

is very crucial. Therefore, this work employs a small amount of data based on an optimal charging 

voltage interval and efficient machine-learning methods to achieve the SOH estimation for the   

lithium battery. 

As we know, the charging curve of an LIB would present regular changes in accordance with its 

performance degradation [24,25]. Therefore, using the data-driven methods based on features from 

charging curves of LIBs to estimate their SOH has become a new trend. Generally, these data-driven 

methods for the battery SOH estimation should consider the changes in the entire charging phase, 

which leads to poor performance in both computational efficiency and computational cost [26].  
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To improve these data-driven methods based on the entire charging interval, Xiong et al. [27] 

proposed a feature selection method based on the correlation coefficient and the ReliefF algorithms. 

This method could significantly improve the accuracy of the battery SOH estimation. The 

corresponding results demonstrated that the high-precision SOH estimation could be achieved based 

on the selected features. Li et al. [28] analyzed the charging time during the constant current and the 

constant voltage stages, as well as the proportion of the charging time of the constant voltage stage. 

Then, a correlated feature for the battery SOH estimation could be determined. This study indicated 

that both the constant current and the constant voltage charging phases could be considered for the 

feature extraction of the battery SOH estimation. Lin et al. [26] used data-driven algorithms with the 

features extracted from four partial voltage segments to achieve an accurate estimation of the battery 

SOH. However, the above studies did not conduct detailed research on the selection of charging voltage 

intervals. The previous selection methods were only based on engineering experience. 

According to previous studies, the incremental capacity (IC) curve was commonly used for the 

feature extraction of the battery SOH estimation [29]. The IC curve can effectively reflect the capacity 

and voltage changes during the charging operation, which can be used for identifying characteristic 

peaks related to phase transitions during the transmission processes of lithium ions into the battery. 

Previous studies indicated that the charging voltage interval selection could be performed based on the 

peak positions of the IC curve [27,30]. Bian et al. [31] proposed a battery SOH estimation method 

combining an open-circuit voltage (OCV) model and the IC analysis (ICA). According to the OCV 

model, interference-free IC curves could be obtained, enabling the extraction of a series of 

morphological features. Li et al. [32] also proposed a method combining the ICA and the grey relational 

analysis for the battery SOH estimation. In addition, Lin et al. [33] used the internal resistance and the 

peak/valley points of the IC curve as features. On this basis, accurate SOH estimation could be 

achieved based on a machine learning algorithm. However, these studies did not propose a clear 

method for the optimal voltage interval selection. In summary, existing references generally lack 

systematic exploration for the battery SOH estimation based on the limited or optimal charging interval 

selection. The selection of a partial charging voltage interval was only based on engineering experience, 

which lacks detailed correlation analyses between the selected charging voltage interval and the SOH 

of LIBs. To achieve high performance in both computational efficiency and computational cost, this 

paper employs two data-driven methods using the ICA and Pearson correlation analysis to select the 

optimal charging voltage interval for the SOH estimation of LIBs.  

The main contributions of this paper are as follows:  

(1) The proposed SOH estimation method combines the ICA and Pearson correlation analysis, 

which can identify and select the optimal charging voltage interval. On this basis, the most relevant health 

features for the battery SOH estimation can be extracted from the selected charging voltage interval.  

(2) With the most relevant health features from the selected charging voltage interval, it is 

demonstrated that high accuracy in battery SOH estimation can be achieved with the data-driven 

methods even with a small amount of training data, which can effectively improve computational 

efficiency and reduce computational cost. 

(3) Two typical data-driven methods, including the RFR and the SVR for the SOH estimation, are 

analyzed. Results show that both the RFR and the SVR methods have their own irreplaceable 

advantages: the SVR has stronger generalization ability, whereas the RFR possesses better overall 

fitting capability. 

This paper includes four sections after the introduction. Section 2 presents the selection and 
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detailed analyses for the optimal charging voltage interval. Section 3 introduces two data-driven 

methods for the SOH estimation. Results and discussions are presented in Section 4. Finally, 

conclusions are given in Section 5. 

2. Selection of the optimal charging voltage interval 

2.1. Aging experiment 

To obtain the charging data for the SOH estimation, three 18650 LIBs are used for the 

experimental test. The detailed parameters are shown in Table 1. Every battery would undergo CC-CV 

charging to reach the upper limited voltage at first. Then, these batteries would undergo CC discharging to 

reach the low-limited voltage. Figure 1 shows the capacity degradation curves of the three 18650 LIBs. In 

the experiment, Cell1 is charged at 1 C and discharged at 0.5 C, respectively. After 509 charge-discharge 

cycles, its SOH reaches 91.8%. Meanwhile, Cell2 is charged and discharged with 1 C. Its SOH is 81.03% 

after 720 cycles. In addition, Cell3 is charged at 1 C and discharged at 3 C, respectively. Its SOH is 

equal to 80.69% after 1181 cycles. All charge and discharge tests for the three 18650 LIBs are 

conducted at an ambient temperature of 25 °C. It should be noted that it needs 1 hour for the rest time 

between CC-CV charging and CC discharging.   

It is worth noting that the tested lithium battery is a type of modified high-power lithium battery 

designed for unmanned aerial vehicle (UAV) applications. The high-power lithium battery would show 

better performance when it operates with a suitable high-power output compared with the low-power 

operation. Therefore, under high-power discharge conditions, the high-power lithium battery might 

perform at a lower degradation rate compared with low-discharging conditions. For more details, 

please refer to our previous work in [34]. 

Table 1. Properties of tested LIBs. 

Positive electrode material Nickel Manganese Cobalt Oxid 

Positive electrode material Graphite 

Nominal voltage 3.7 V 

Nominal capacity 2.4 Ah 

Operating voltage range 2.5~4.2 V 

 

Figure 1. Capacity degradation of the three 18650 batteries. 
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2.2. Selection for the optimal charging voltage interval 

Figure 2 presents the capacity-voltage (C-V) curves based on the experimental data. It can be 

seen that the envelope area of the C-V curve decreases along with the increasing number of operation 

cycles. It is evident that the C-V curves contain rich information about the aging or capacity 

degradation of LIBs. In fact, the voltage points in the regions with the most significant changes on the 

C-V curves can serve as external behavior characteristics of the battery aging [35]. 

 

Figure 2. C-V curves and aging features of the three 18650 batteries. (a) The C-V curve 

of Cell1. (b) The C-V curve of Cell2. (c) The C-V curve of Cell3. (d) The IC curve of Cell1. 

(e) The IC curve of Cell2. (f) The IC curve of Cell3. 

By differentiating the C-V curves of the three 18650 LIBs, specific voltage points can be observed. 

The corresponding definition for the IC can be expressed as: 

IC =
d𝑄

d𝑉
                                      (1) 

where 𝑄 is the charging capacity and 𝑉 is the charging voltage. 

Furthermore, an appropriate voltage step needs to be designed, as the voltage difference appears 

in the denominator in numerical differentiation. If the voltage step is too large, the health features from 

the IC curve would not be obvious. Conversely, if the voltage step is too small, it may result in a sudden 

jump in the calculation value. After multiple calculations and corrections, a voltage sequence VC with 

a voltage step of 0.015 V is constructed, as shown in Eq (2). The corresponding capacity values for 

this voltage sequence are determined by using smooth spline interpolation based on the C-V curves. 

𝑉𝐶 = [2.5, 2.515, 2.530,… , 4.20]                     (2) 

Based on Eqs (1) and  (2), the formula for the IC curve can be rewritten as follows: 

𝐼𝐶 =
𝛥𝑄

𝛥𝑉
=

𝑄𝑘+1−𝑄𝑘

0.015
                                (3) 
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Figure 2 (d–f) shows the changes of the IC curves on the whole charging voltage interval of 

different operation cycles. To select the optimal charging voltage interval, Figure 3 illustrates the 

enlarged and detailed IC curves with different SOH of Cell2. It can be seen that the first peak is  

around 3.52 V, the second peak is around 3.73 V, and the third peak is around 3.95 V, respectively. 

Meanwhile, the first valley is around 3.65 V, and the second valley is around 4.02 V, respectively. In 

addition, the peak and valley points of Cell1 and Cell3 are similar to those of Cell2. 

It has been demonstrated that the peak and valley points on the IC curves are highly correlated 

with the kinetics of electrochemical reactions and the phase transitions within the electrode   

materials [36]. For these peak points, the rate of change in battery capacity in accordance with the 

voltage reaches its maximum value, indicating the fastest progress of chemical reactions. Similarly, 

the valley points also have significant physical meanings. For these valley points, the rate of change 

in capacity in accordance with the voltage reaches its minimum value, reflecting the changes in the 

activity of the electrode materials during the charge-discharge process. Therefore, this study employs 

the Pearson correlation analysis to investigate the degree of correlation between these peak/valley 

points and the battery aging. The formula for the Pearson correlation analysis can be represented     

as follows: 

𝑟𝑋,𝑌 =
∑  𝑛

𝑖=1 (𝑋𝑖−𝑋̅)(𝑌𝑖−𝑌̅)

√∑  𝑛
𝑖=1 (𝑋𝑖−𝑋̅)2√∑  𝑛

𝑖=1 (𝑌𝑖−𝑌̅)2
                            (4) 

where Xi is the ith feature, Yi is the ith SOH, 𝑋̅  and 𝑌̅  are average values of the specific feature 

sequence and the battery SOH sequence, respectively.  

 

Figure 3. Detailed IC curves of Cell2. 

The Pearson correlation coefficients between these peak/valley points and the battery SOH are 

presented in Table 2. Obviously, the correlation analysis results are all negative values, indicating that 

during the capacity degradation process, the peak and valley points exhibit the overall leftward shift 

trend, which is consistent with the characteristics illustrated in Figure 2 (d–f). Hence, these peak and 

valley points provide suitable locations for the calibration of charging voltage intervals.  
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Table 2. Pearson correlation analysis between selected points and the battery SOH. 

 peak 1  peak 2  peak 3   valley 1  valley 2 

Cell1 –0.9760 –0.9762 –0.9465 –0.9710 –0.9800 

Cell2  –0.9868 –0.9877 –0.9770 –0.9906 –0.9868 

Cell3  –0.9960 –0.9959 –0.9500 –0.9913 –0.9948 

As shown in Table 3, ten voltage intervals can be divided based on the five points. Additionally,  

to achieve comprehensive correlation analyses of different voltage intervals and the battery SOH, the 

voltage interval including the entire constant current charging phase should be included in this study. 

With the defined voltage intervals, the relationship among the charging time, charging capacity, and 

the SOH is investigated based on Pearson correlation analysis. It should be noticed that the charging 

voltage intervals before 3.52 V and after 4.02 V are not suitable for the battery SOH estimation, as 

existing research has confirmed that the data at the beginning and end of the charging process cannot 

effectively reflect the battery aging characteristics [27]. Moreover, it can be observed from Figure 2 

that the aging trends in the two charging voltage intervals are not obvious. Therefore, the maximum 

charging voltage interval is designed as 3.52~4.02 V. 

Table 3. Calibration of voltage intervals. 

Voltage interval Voltage range 

S1 3.52~3.65 V 

S2 3.52~3.73 V 

S3 3.52~3.95 V 

S4 3.52~4.02 V 

S5 3.65~3.73 V 

S6 3.65~3.95 V 

S7 3.65~4.02 V 

S8 3.73~3.95 V 

S9 3.73~4.02 V 

S10 3.95~4.02 V 

As shown in Table 4, the Pearson correlation of features from different charging voltage intervals 

of the three 18650 LIBs reveals that the S3 segment has the highest correlation with the battery SOH 

compared with other voltage intervals. It is noteworthy that the S11 segment (i.e., the entire constant 

current charging phase) shows less correlation than the S3 segment, which indicates the presence of 

information redundancy during the whole charging phase. Meanwhile, the correlation between the S4 

segment and battery aging would also be very high and at a level second only to that of the S3 segment. 

Figure 4 presents the correlation analyses among the normalized charging time, normalized charging 

capacity, and battery SOH for different charging voltage intervals. It can be observed that the trend in 

the S3 segment closely resembles the battery aging trend. Similarly, the use of ΔQ and Δt as features 

to reflect the battery aging trend can refer to the literature [37]. This provides a more intuitive 

demonstration of the effectiveness of the aging characteristics based on the selected S3 segment 

proposed in this study. In these figures, ΔQ and Δt represent the two battery aging features (i.e., the 

charging capacity and time) extracted from different voltage intervals, respectively. Finally, this study 

utilizes charging capacity and time extracted from the S3 segment as features for the SOH estimation.  
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Table 4. Pearson correlation analysis between intervals and SOH. 

Voltage interval Cell1 Cell2 Cell3 

S1 0.6308 0.9395 0.9282 

S2 0.8323 0.9753 0.9657 

S3 0.9906 0.9988 0.9922 

S4 0.9883 0.9986 0.9919 

S5 0.9237 0.9893 0.9807 

S6 0.9583 0.9917 0.9821 

S7 0.9731 0.9951 0.9838 

S8 0.7430 0.9951 0.9838 

S9 0.8089 0.9631 0.8157 

S10 0.5981 0.9609 0.8483 

S11 0.9533 0.9960 0.9854 

 

Figure 4. Correlation analyses among the SOH and the two features extracted from 

different voltage intervals. (a) S1, (b) S2, (c) S3, (d) S4, (e) S5, (f) S6, (g) S7, (h) S8, (i) 

S9, (j) S10, (k) S11.  
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3. Data-driven methods 

Nowadays, using data-driven methods for the battery SOH estimation has become a research 

hotspot [31–33]. These data-driven methods would employ machine learning, deep learning, or 

statistical techniques to extract features. Machine learning methods can be categorized into supervised 

learning, unsupervised learning, and semi-supervised learning [38,39]. Deep learning methods mainly 

include artificial neural networks (ANN) [26], recurrent neural networks (RNN) [40], and their variants, 

such as long short-term memory (LSTM) [41]. Statistical methods include regression analysis and 

Bayesian methods, which utilize prior knowledge and data for inference and analysis [42]. For the 

aforementioned methods, machine learning algorithms RFR and SVR offer significant advantages in 

computational efficiency and model interpretability, enabling them to be implemented easily. By 

contrast, traditional neural networks, particularly deep neural networks, typically require substantial 

training time and high-performance computing resource to deal with large-scale datasets and complex 

nonlinear calculation. The corresponding algorithmic steps involved in the training process, such as 

backpropagation and gradient descent, are often time-consuming, limiting their feasibility for real-time 

or near real-time applications. Furthermore, due to their numerous parameters and intricate nonlinear 

transformations, neural networks are often regarded as black-box models. Although advancements in 

visualization techniques and interpretability algorithms have been made in recent years, neural networks 

still face significant challenges in directly understanding and interpreting the decision-making processes 

of models.  

The RFR makes predictions through an ensemble of decision trees, resulting in satisfactory model 

performance and a reduced risk of overfitting, while the SVR exhibits strong generalization ability, 

achieving good fitting accuracy even with a small training set. Therefore, this study would employ the 

SVR and the RFR methods for the battery SOH estimation based on the selected charging voltage 

interval with an 80% training and 20% test dataset split. A type of n × 7 input data matrix is constructed 

to feed the RFR and the SVR models, as shown in Eq (5). 

𝐼𝑛𝑝𝑢𝑡 =

[
 
 
 
 𝑝𝑒𝑎𝑘1

(1)
, 𝑝𝑒𝑎𝑘2

(1)
, 𝑝𝑒𝑎𝑘3

(1)
, 𝑣𝑎𝑙𝑙𝑒𝑦1

(1)
, 𝑣𝑎𝑙𝑙𝑒𝑦2

(1)
, 𝛥𝑄(1), 𝛥𝑡(1)

𝑝𝑒𝑎𝑘1
(2)

, 𝑝𝑒𝑎𝑘2
(2)

, 𝑝𝑒𝑎𝑘3
(2)

, 𝑣𝑎𝑙𝑙𝑒𝑦1
(2)

, 𝑣𝑎𝑙𝑙𝑒𝑦2
(2)

, 𝛥𝑄(2), 𝛥𝑡(2)

⋮

𝑝𝑒𝑎𝑘1
(𝑛)

, 𝑝𝑒𝑎𝑘2
(𝑛)

, 𝑝𝑒𝑎𝑘3
(𝑛)

, 𝑣𝑎𝑙𝑙𝑒𝑦1
(𝑛)

, 𝑣𝑎𝑙𝑙𝑒𝑦2
(𝑛)

, 𝛥𝑄(𝑛), 𝛥𝑡(𝑛)]
 
 
 
 

         (5) 

where 𝛥𝑄(𝑛) and 𝛥𝑡(𝑛)  represent the capacity and charging time during the n-th cycle within the 

selected charging voltage interval, respectively, the value of n is determined by 80% of the length of 

the input sequence, the term of peak and valley represents different points, while the superscript 

indicates different operation cycles. 

3.1. Random forest regression 

The RFR is a powerful ensemble learning method used for predicting continuous outcomes. It 

builds upon the foundations of decision trees and integrated techniques to enhance the predictive 

performance and robustness. The core of random forest is decision trees, which partition the feature 

space into regions with homogeneous target values. A decision tree T is used to partition the data based 

on input features and minimize a loss function. Formally, for a dataset, the objective is to find a tree 
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structure with the minimum solution: 𝒟= {{(𝒙𝑖 , 𝑦𝑖)}𝑖=1
𝑛 . The decision trees divide the data to minimize 

prediction errors. In other words, it aims to minimize the sum of squared differences between the actual 

values 𝑦𝑖  and the predicted values 𝑦̂𝑗 in each leaf node 𝑅𝑗: 

𝑚𝑖𝑛
𝑇

 ∑  

𝐽

𝑗=1

∑  

𝐱𝑖∈𝑅𝑗

(𝑦𝑖 − 𝑦̂𝑗)
2 (6) 

where J is the number of terminal nodes (leaves), Rj represents the region corresponding to the j-th 

leaf, 𝑦̂𝑗 is the predicted value in region Rj, i.e., the mean 𝑦𝑖 of in Rj.  

Single decision trees are prone to overfitting and high variance. Ensemble methods mitigate this 

by aggregating multiple models to improve generalization. Bagging is one of the ways to achieve 

ensemble methods, which involves 1) generating B bootstrap samples from the original dataset; 2) 

training a base learner (e.g., decision tree) on every bootstrap sample; and 3) aggregating the 

predictions from all base learners. For regression, the bagged predictor 𝑓bag(𝒙) is: 

𝑓bag(𝒙) =
1

𝐵
∑ 𝑓𝑏(𝒙)

𝐵

𝑏=1

(7) 

where 𝑓𝑏(𝒙) is the prediction from the b-th base learner. 

Random forests extend bagging by introducing additional randomness in the model, particularly 

in feature selection. The random forest comprises B decision trees that are trained based on their 

bootstrap samples. Meanwhile, every decision tree uses a random subset of features when conducting 

splits. Its key steps include: 1) For each tree b, generating a bootstrap sample 𝒟b from 𝒟; 2) selecting 

a random subset of m features from the total p features (m < p) and determining the best split among 

these at each node in tree b; 3) growing each tree to its maximum depth without pruning. For a new 

input x, the RFR prediction 𝑦̂(𝑥) is the average of predictions from all trees: 

𝑦̂(𝒙) =
1

𝐵
∑𝑦̂𝑏(𝒙)

𝐵

𝑖=1

(8) 

where 𝑦̂𝑏(𝒙) is the prediction from the b-th tree. 

3.2. Support vector regression 

The SVR extends the concepts of the support vector machine, which is originally designed for 

classification tasks, to handle regression problems. The core idea of the SVR is to model the 

relationship between input features and continuous target variables. It is achieved based on a function 

that deviates from the actual target values, which is lower than a predefined margin 𝜀 for all training 

data points. The regression function 𝑓(𝒙) of the SVR is typically modeled as follows: 

𝑓(𝒙) = 𝒘𝑇𝛷(𝒙) + 𝑏 (9) 

where w is the weight vector, x is the input feature vector, 𝛷(𝒙) is the mapping of 𝒙, and b is the  

bias term.  
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The SVR employs kernel functions to implicitly map the input features into a high-dimensional 

space, enabling the modeling of complex patterns. Moreover, the SVR utilizes the 𝜀-insensitive loss 

function, which disregards errors within a margin of 𝜀. This approach allows the model to focus on 

significant deviations, promoting robustness and reducing the impact of noise. The 𝜀-insensitive loss 

for a single data point (𝒙𝑖, 𝑦𝑖) is represented as: 

𝐿(𝑦, 𝑓(𝒙)) = max(0, |𝑦 − 𝑓(𝒙)| − 𝜀) (10) 

The objective of the SVR is to find the function  𝑓(𝒙) that minimizes the complexity of the model 

while ensuring that the predictions lie within the 𝜀-margin of the actual target values. This balance is 

achieved through the following constrained optimization: 

𝑚𝑖𝑛
𝑤,𝑏,𝜉,𝜉∗

 
1

2
∥ 𝑤 ∥2+ 𝐶 ∑  

𝑛

𝑖=1

(𝜉𝑖 + 𝜉𝑖
∗) (11) 

subject to: 

{

𝑦𝑖 − (𝑤𝑇𝜙(𝒙𝑖) + 𝑏) ≤ 𝜀 + 𝜉𝑖

(𝑤𝑇𝜙(𝑥𝑖) + 𝑏) − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0

(12) 

where 𝜉𝑖 and  𝜉𝑖
∗  are slack variables representing deviations outside the 𝜀 -margin,  𝐶 > 0  is a 

regularization parameter used to control the trade-off between model complexity and the penalty for 

deviations beyond 𝜀. 

To deal with non-linear issues, the SVR leverages the kernel trick, allowing the algorithm to 

operate in a high-dimensional feature space without explicitly computing the coordinates in that space. 

In other words, the dual formulation of the SVR optimization problem can be addressed based on 

kernel functions. The Lagrange multipliers 𝛼𝑖 and 𝛼𝑖
∗ are introduced for the inequality constraints. 

Then, by optimizing the Lagrangian and applying the Karush-Kuhn-Tucker (KKT) conditions, the dual 

problem can be derived. 

𝑚𝑎𝑥
𝛼,𝛼∗

 −
1

2
∑  

𝑛

𝑖,𝑗=1

(𝛼𝑖 − 𝛼𝑖
∗)(𝛼𝑗 − 𝛼𝑗

∗)𝐾(𝒙𝑖 , 𝒙𝑗) + 𝜀 ∑  

𝑛

𝑖=1

(𝛼𝑖 + 𝛼𝑖
∗) − ∑  

𝑛

𝑖=1

𝑦𝑖(𝛼𝑖 − 𝛼𝑖
∗) (13) 

The dual problem can be typically solved using optimization algorithms such as the sequential 

minimal optimization (SMO). Once the optimal Lagrange multipliers 𝛼𝑖
∗ and 𝛼𝑖 are determined, the 

regression function can be expressed in terms of these multipliers and the kernel function. After solving 

the dual problem, the regression function 𝑓(𝒙) can be reconstructed as: 

𝑓(𝒙) = ∑(𝛼𝑖 − 𝛼𝑖
∗)𝐾(𝒙𝑖 , 𝒙)

𝑛

𝑖=1

+ 𝑏 (14) 

The bias term b can be calculated by: 
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𝑏 = 𝑦𝑖 − ∑(𝛼𝑗 − 𝛼𝑗
∗

𝑛

𝑗=1

)𝐾(𝒙𝑗 , 𝒙𝑖) (15) 

This calculation ensures that the regression function appropriately aligns with the support vectors. 

The conventional kernel functions used in the SVR are shown in Table 5. To ensure the reproducibility 

of the estimation results for the two aforementioned algorithms employed in this study, a fixed random 

seed is set during the coding process. Additionally, all codes are written using sci-kit learn 1.4.2 in 

Python 3. In this study, cross-validation is employed to select the optimal kernel function for the SVR. 

The penalty parameter C is tested with the values 0.1, 10, and 100, while γ is set to Python's built-in 

options ‘scale’ and ‘auto’. The final results indicate that the linear kernel is the optimal kernel function for 

battery SOH estimation. Meanwhile, the penalty parameter C is set to 100, and the option of γ is ‘auto’. 

Table 5. Conventional kernel functions. 

Kernel functions Formulas 

Linear kernel 𝐾(𝑥, 𝑥′) = 𝑥𝑇𝑥′ 

Polynomial kernel 𝐾(𝑥, 𝑥′) = (𝛾𝑥𝑇𝑥′ + 𝑟)𝑑 

RBF kernel 𝐾(𝑥, 𝑥′) = exp (−𝛾‖𝑥 − 𝑥′‖2) 

Sigmoid kernel 𝐾(𝑥, 𝑥′) = tanh (𝛾𝑥𝑇𝑥′ + 𝑟) 

* In this table, all γ are kernel coefficients. r represents the constant term, and d denotes the polynomial degree. 

4. Results and discussion 

In this section, the data-driven methods, including RFR and the SVR, are used to conduct the 

comprehensive analyses for the battery SOH estimation accuracy based on the selected charging 

voltage interval and other charging voltage intervals. To quantitatively describe the estimation results, 

the mean absolute error (MAE) and the root-mean-square error (RMSE) would be used as indicators 

of the estimation accuracy. In addition, the model's coefficient of determination (R²) would be used as 

the fitting accuracy indicator. The three metrics can be expressed as follows: 

MAE=
1

𝑛
∑ 

𝑛

𝑖=1

∣ 𝑦𝑖 − 𝑦̂𝑖 ∣ (16) 

RMSE = √
1

𝑛
∑  

𝑛

𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)
2 (17) 

𝑅2 = 1 −
∑  𝑛

𝑖=1 (𝑦̂𝑖 − 𝑦𝑖)
2

∑  𝑛
𝑖=1 (𝑦𝑖 − 𝑦̅)2

(18) 

where 𝑦𝑖 , 𝑦̂𝑖  and 𝑦̅  represent the real value, estimated value, and average value, respectively; n 

represents the number of samples. 
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The estimated results for the SOH of the three LIBs are shown in Figure 5. It can be seen that the 

estimated results of Cell2 are the best among the three LIBs. Meanwhile, the comparative analyses of 

the RFR and the SVR algorithms are conducted based on the selected charging voltage interval. With 

the RFR algorithm, the estimated values of R2 for the three cells are 0.9915, 0.9986, and 0.9950, 

respectively. Meanwhile, the MAE for the three LIBs would be 0.10%, 0.11%, and 0.23%, respectively. 

Furthermore, the RMSE for the three LIBs are 0.16%, 0.15%, and 0.34%, respectively. As a comparison, 

with the SVR algorithm, the estimated value of R2 for the three LIBs would be 0.9876, 0.9975,       

and 0.9907, respectively. The corresponding MAE would be 0.15%, 0.16%, and 0.32%, while the 

corresponding RMSE would be 0.19%, 0.21%, and 0.46%, respectively. Therefore, the fitting accuracy 

of the RFR method is better than that of the SVR method. 

 

Figure 5. SOH estimation results with the SVR and the RFR. (a) cell1 with the SVR, (b) 

cell2 with the SVR, (c) cell3 with the SVR, (d) cell1 with the RFR, (e) cell2 with the RFR, 

and (f) cell3 with the RFR. 

In addition, the remaining charging voltage intervals are also used with the SVR and the RFR 

data-driven methods to achieve the battery SOH estimation, respectively. The corresponding 

evaluation analyses are shown in Tables 6 and 7. Overall, the evaluation metrics for the SOH estimation 

with the S3 segment are the best among all charging voltage intervals. We use the blue color to mark 

this optimal charging voltage interval. Moreover, the S4 segment, which has a similar coverage area 

to the S3 segment, also demonstrates impressive estimation accuracy. Similarly, it can be observed that 

estimated SOH using the charging capacity and time of the whole voltage interval S11 as features also 

achieves satisfactory estimation accuracy. However, compared with the S3 segment, both the estimated 

MAE and estimated RMSE based on the S11 segment are increased. Moreover, collecting data for the 

S11 segment requires more than twice the amount of data compared with the S3 segment. Therefore, 

the battery SOH estimation based on the selected charging voltage interval not only reduces the time 

cost associated with data acquisition but also decreases the computational cost involved in regression 

estimation algorithms. Other charging voltage intervals, such as the S5, S6, and S7 segments, also 
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demonstrate relatively good accuracy for the battery SOH estimation. However, the corresponding 

accuracy is slightly inferior to that of the S3 segment. These results further support the necessity of selecting 

efficient health features and the optimal charging voltage interval for the battery SOH estimation. 

Table 6. Estimated SOH evaluation analyses of the three LIBs cells with the RFR. 

interval  Cell1    Cell2    Cell3   

 R2 MAE RMSE  R2 MAE RMSE  R2 MAE RMSE  

S1 0.6729 0.76% 0.99%  0.9643 0.57% 0.78%  0.9752 0.55% 0.76%  

S2 0.9006 0.39% 0.55%  0.9894 0.29% 0.43%  0.9810 0.47% 0.66%  

S3 0.9915 0.10% 0.16%  0.9986 0.11% 0.15%  0.9950 0.23% 0.34%  

S4 0.9907 0.11% 0.17%  0.9983 0.12% 0.17%  0.9939 0.26% 0.37%  

S5 0.9695 0.21% 0.30%  0.9957 0.19% 0.27%  0.9893 0.34% 0.50%  

S6 0.9734 0.20% 0.28%  0.9978 0.15% 0.19%  0.9930 0.28% 0.40%  

S7 0.9809 0.17% 0.24%  0.9981 0.13% 0.18%  0.9930 0.27% 0.40%  

S8 0.8742 0.47% 0.61%  0.9893 0.32% 0.43%  0.9579 0.37% 0.99%  

S9 0.9304 0.34% 0.46%  0.9928 0.26% 0.35%  0.9624 0.64% 0.93%  

S10 0.6748 0.74% 0.99%  0.9781 0.46% 0.61%  0.9580 0.71% 0.98%  

S11 0.9662 0.25% 0.32%  0.9965 0.16% 0.24%  0.9878 0.36% 0.53%  

Table 7. Estimated SOH evaluation analyses of the three LIBs cells with the SVR. 

interval  Cell1    Cell2    Cell3   

 R2 MAE RMSE  R2 MAE RMSE  R2 MAE RMSE  

S1 0.5901 0.87% 1.10%  0.9501 0.66% 0.91%  0.9629 0.70% 0.93%  

S2 0.8840 0.46% 0.59%  0.9811 0.45% 0.57%  0.9758 0.57% 0.75%  

S3 0.9876 0.15% 0.19%  0.9975 0.16% 0.21%  0.9907 0.32% 0.46%  

S4 0.9864 0.16% 0.20%  0.9975 0.17% 0.21%  0.9902 0.33% 0.48%  

S5 0.9591 0.25% 0.35%  0.9905 0.28% 0.40%  0.9846 0.42% 0.60%  

S6 0.9744 0.22% 0.28%  0.9954 0.20% 0.28%  0.9886 0.34% 0.51%  

S7 0.9832 0.17% 0.22%  0.9965 0.18% 0.24%  0.9882 0.34% 0.52%  

S8 0.8416 0.55% 0.69%  0.9800 0.46% 0.58%  0.9618 0.69% 0.94%  

S9 0.8909 0.46% 0.57%  0.9876 0.35% 0.46%  0.9651 0.66% 0.90%  

S10 0.5995 0.80% 1.09%  0.9654 0.59% 0.77%  0.9465 0.84% 1.11%  

S11 0.9617 0.29% 0.34%  0.9954 0.22% 0.28%  0.9845 0.43% 0.60%  

Furthermore, the estimated battery SOH results of the absolute error with different charging 

current rates are shown in Figure 6. The box plots indicate that both the SVR and the RFR methods 

would experience increased prediction errors with high charging rates. However, the comparative 

results show that the SVR exhibits fewer outliers, but its interquartile range is wider compared with 

the RFR, indicating that the overall estimation error of the SVR is larger, while the corresponding 

variability of its errors might be smaller. These findings strongly support the argument presented in 

Section 3, which suggests that the SVR has stronger generalization ability, whereas the RFR possesses 

better fitting accuracy, respectively. 
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Figure 6. Absolute error analyses of the SOH estimation for the three LIBs based on box 

plots. (a) With the SVR. (b) With the RFR. 

5. Conclusions 

This study has successfully developed two data-driven methods for the SOH estimation of LIBs 

based on a selected charging voltage interval. At first, the IC curves and Pearson correlation analysis 

were used to select the optimal charging voltage interval. Then, two typical data-driven methods, 

including the RFR and the SVR, were employed for the SOH estimation of LIBs based on the extracted 

features from the selected charging voltage interval. The originality of this study is that the ICA and 

the Pearson correlation analysis are used as a bridge to select the optimal charging voltage interval, 

while the most relevant features for the battery SOH would be extracted from the selected charging 

voltage interval. In this case, the data-driven methods based on the most relevant features from the 

limited and optimal charging voltage interval can significantly improve computational efficiency and 

reduce the computational cost for the SOH estimation of LIBs. In addition, the accuracy for the battery 

SOH estimation can also be effectively guaranteed.  

The comparative analyses between the simulation and experimental results were presented to 

verify the effectiveness and accuracy of the two data-driven SOH estimation methods based on the 

selected charging voltage interval. Both the SVR and the RFR methods demonstrated their respective 

advantages in the domain of the battery SOH estimation. Specifically, the SVR could produce fewer 

outliers in estimation errors, while the RFR could achieve higher overall estimation accuracy. With the 

RFR, the estimated values of R2 for the three LIBs would be 0.9915, 0.9986, and 0.9950, respectively. 

Meanwhile, the MAE for the three LIBs would be 0.10%, 0.11%, and 0.23%, respectively. Furthermore, 

the RMSE for the three LIBs would be 0.16%, 0.15%, and 0.34%, respectively. As a comparison, with 

the SVR, the estimated values of R2 for the three LIBs would be 0.9876, 0.9975, and 0.9907; the 

corresponding MAE would be 0.15%, 0.16%, and 0.32%; and the corresponding RMSE would     

be 0.19%, 0.21%, and 0.46%, respectively. Compared with other charging voltage intervals, the two 

data-driven methods with the selected charging voltage interval showed the best fitting performance 

for the SOH estimation of LIBs. 

In summary, the selected optimal charging voltage interval exhibits the highest correlation for 

achieving SOH estimation compared with other charging voltage intervals. This study would provide 

a simple but effective way for estimating the SOH of LIBs, while the research findings would provide 

new references for the development and energy management optimization of battery energy storage 

systems in practical applications. 
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