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Abstract:  The performance of lithium-ion batteries(LIBs) gradually declines over time, making it critical to predict the battery’s state of 
health(SOH) in real-time. This paper presents a model that incorporates health indicators and ensemble Gaussian process regression
(EGPR) to predict the SOH of LIBs. Firstly, the degradation process of an LIB is analyzed through indirect health indicators(HIs) 
derived from voltage and temperature during discharge. Next, the parameters in the EGPR model are optimized using the gannet 
optimization algorithm(GOA), and the EGPR is employed to estimate the SOH of LIBs. Finally, the proposed model is tested under 
various experimental scenarios and compared with other machine learning models. The effectiveness of EGPR model is demonstrated using 
the National Aeronautics and Space Administration (NASA) LIB. The root mean square error(RMSE) is maintained within 0.20%, and 
the mean absolute error(MAE) is below 0.16%, illustrating the proposed approach’s excellent predictive accuracy and wide applicability.
Key words:  lithium-ion batteryies (LIBs); ensemble Gaussian process regression(EGPR); state of health(SOH); health indicators
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0 　Introduction

Lithium-ion batteries(LIBs) are widely used in electric 
vehicles due to their high energy density, long cycle life, 
and low environmental impact[1]. When LIBs are used 
improperly or over time, their performance deteriorates, 
which reduces their capacity and power[2,3]. Battery 
management system(BMS) provides scientific 
assessment, risk warning, and periodic replacement of 
batteries to maintain stable operation[4,5]. State of health 
(SOH) is a crucial reference variable in a BMS[6], which 
refers to the ratio of battery’s current capacity to its initial 
capacity during discharge [7].

Predicting SOH is challenging because the degradation 
of LIBs is a long-term, complex process influenced by a 
wide range of variables. Numerous researchers have 
proposed approaches for predicting the SOH of LIBs to 
address this issue. Over the past decades, SOH prediction 
methods can be classified into three fundamental categories. 
The direct measurement method is to indirectly estimate the 
SOH by measuring battery capacity[8], internal resistance[9], 
and electrochemical impedance spectroscopy(EIS) [10,11]. 
Love et al.[12]  proposed single-point impedance diagnosis to 

monitor the SOH of Li-ion individual cells and 4S battery 
packs. Although this approach is straightforward, but it is 
difficult to implement and can only be used in a certain 
laboratory setting. The model-based methods involve 
estimating the battery’s SOH using filter methods such as 
extended Kalman filter(EKF) [13]   or particle filter(PF) [14]. 
For example, Yan et al. [15]    suggested an EKF based on 
Leberger sampling and Qiu et al.[16] suggested an enhanced 
cuckoo and PF algorithm for the SOH estimation of LIBs.

Nowadays, data-driven methods have gradually become 
the mainstream trend of SOH prediction, which just needs 
to estimate SOH by studying exterior metrics, not the 
intrinsic chemistry of the battery. The critical points of data-
driven approach lie in the selectrion of health indicators
(HIs) [17-22]  and the construction of machine learning 
model[23-33]. Sun et al. [20] used incremental capacity analysis
(ICA) to investigate SOH-related HIs thoroughly. Xia et 
al. [21] reconstructed the voltage using a second-order RC 
model to produce the incremental capacity(IC) and 
differential voltage(DV) curves to identify aging signs of 
LIBs by filtering and reshaping degradation curves. Tian et 
al.[22] directly extracted HIs from the voltage, current, and 
temperature curves of the discharge using an easy, practical 
and promising method. Neural network (NN) methods[23,24] 
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and statistical methods[25-28] are the two primary categories 
of machine learning methods. Wu et al.[29] employed long-
short-term memory (LSTM) and Xia et al.[30] proposed a 
deep neural network (DNN) to estimate the SOH of LIBs. 
These NN methods usually need a significant amount of 
data for training and are computationally difficult. Small 
sample applications are better suited for statistical learning, 
which also has the benefits of quick calculation and simple 
training. To predict the SOH of LIBs, Wu et al. [31] 
presented a combined bat algorithm(BA) and support 
vector regression(SVR) algorithm. Cui et al.[32] devised a 
method for SOH estimates based on gated recurrent units
(GRU) and Mawonou et al.[33]  used the random forest(RF) 
algorithm to forecast battery aging.

Gaussian process regression(GPR) has been used for 
SOH prediction over the past few years for its more 
effective management of high dimensional small-sample 
regression[34,35]. Gong et al.[36] developed a GPR model to 
estimate SOH based on three phases of energy 
characteristics. Feng et al.[37] adopted linear function as the 
mean function and combined kernel function as the 
covariance function to establish GPR model. Zheng et al.[38] 
designed a weighting strategy based on forecast uncertainty 
to integrate predictions from multiple GPR models and Liu 
et al.[39] modified the kernel function in GPR to an isotropic 
squared index kernel with an automatic correlation 
determination structure to predict SOH.

However, GPR models still have considerable untapped 
potential, and the learning capacity of individual GPR is 
limited. This study adopts a strategy of combining GPRs 
with various kernels for SOH prediction of LIBs, which is 
motivated by advantages of multi-model fusion. One of the 
main contributions of this research is the extraction of 
suitable HIs from the voltage temperature profile. 
Additionally, the GPR model incorporates the idea of 
ensemble learning, with the kernel function parameters 
optimized using a specific optimization method. The 

ensemble Gaussian process regression(EGPR) algorithm 
suggested in this research demonstrates superior 
performance compared to other machine learning 
algorithms, as evidenced by comparisons conducted under 
identical experimental conditions.

1 　Battery aging data from NASA database

Appropriate battery capacity datasets are crucial for 
evaluating prognostic methods. For modeling and validation 
purposes, four groups of batteries, designated as B0005, 
B0006, B0007, and B0018, were selected from the NASA 
lithium battery datasets[40]. All the batteries examined are 
second-generation 18 650-sized lithium batteries, made 
from the same composite material, LiCoO2. The 
experiments were conducted at room temperature(24 ℃) 
across three modes: constant current(CC) charging, 
constant voltage(CV) charging, and CC discharge. More 
details regarding the NASA battery datasets and their 
testing conditions can be found in Refs.[40,41].The validity 
of utilizing this battery data for designing aging prognostic 
methods has been confirmed in numerous related 
studies [33,39,40]. Table 1 summarizes the key parameters and 
operational settings of the four datasets, while Fig. 1 
illustrates their degradation curves in terms of SOH.

2 　Methodology

2.1 　EGPR

GPR is a machine learning model based on kernel 
functions and Bayesian theory. Without cross-

validation, this model can still produce higher 
regularization outcomes[42]. Kernel functions are crucial 
in the GPR modeling process because they help 
formulate a prior hypotheses about the characteristics of 
prospective functions. The following four kernel 
functions[42] are utilized in this study, and they are

Fig. 1　SOH degradation curves of various selected LIBs

Table 1　Parameters of selected NASA LIBs

Battery No.
B0005
B0006
B0006
B0018

Cut⁃off voltage/V
4.2
4.2
4.2
4.2

Discharge cut⁃off voltage/V
2.7
2.5
2.2
2.5

Charging current/A
1.5
1.5
1.5
1.5

Discharging current/A
2
2
2
2

Temperature/℃
24
24
24
24
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where r = ( xi - xj )T ( xi - xj )  represents the distance 
between xi and xj; σ 2

m(m = 1,2,3,4) represents the 
signal variance; lm represents the length of the scale 
parameter; and α is the proportional mixing parameter.

To make better predictions than a single learner, 
ensemble learning can mix many learning approaches[43]. 
One of them, stacking is an excellent ensemble learning 
technique. By enhancing the capability of the base 
learner and employing a meta-learner to integrate the 
outcomes predicted by the base learner, stacking aims to 
improve generalization[44,45].

The two-layer model in this research is constructed using 
the stacking approach. Its structure is shown in Fig.2. The 
base learner and mata learner are the first layer and second 
layer in the model, respectively. The first layer employs the 
combination of the Matern32, Matern52, rational quadratic
(RQ) kernel, and Gaussian kernel function (SE) in the 
GPR model. The ultimate prediction result of the entire 
model is output when SVR receives the output of the base 
learner as input. The specific details and steps of GPR and 
SVR model can be seen in Refs.[31,37,39,42].

2.2 　Gannet optimization algorithm(GOA)

The optimal hyperparameters of GPR kernel function 
are typically determined by the gradient descent 
approach, but this method often converges to local 
optimum. To address this issue, various meta-heuristic 
algorithms are commonly employed, such as particle 

swarm optimization(PSO), sparrow search algorithm
(SSA), hunger games search(HGS) [46], dragonfly 
algorithm(DA) [47], etc. In this work, a novel meta-
heuristic optimization technique named gannet 
optimization algorithm(GOA) is used to optimize the 
hyperparameters of GPR, which models the predatory 
behavior of gannets through two phases, exploration and 
exploitation[48]. There are two different sorts of dives in 
the exploration phase: U-shaped(Eq.(5)) and V-shaped
(Eq.(6)), namely

a = 2t1 cos ( 2πr1 ), (5)

b = 2t1V ( 2πr2 ), (6)

where V ( x )=

ì

í

î

ï
ïï
ï

ï
ïï
ï

- 1
π x + 1, x ∈ ( 0,π ),

1
π x - 1, x ∈ ( π,2π ),

 

t1=1 - t
tmax

, t and tmax represent the current iteration 

count and the maximum iteration count respectively, and 
r1, r2 are random numbers within [ 0,1 ]. The location of 
the gannet is updated to

MXi ( t + 1 )=
ì
í
î

ïï

ïïïï

Xi ( t )+ u1 + a ( 2r3 - 1 ) [ ]Xi ( t )- Xr ( t ) ,   q ≥ 0.5,

Xi ( t )+ v1 + b ( 2r4 - 1 ) [ ]Xi ( t )- Xm ( t ) ,   q < 0.5,
(7)

where r3 and r4 are both random numbers within [ 0,1 ]; u1 
and v1 are random numbers generated from intervals [−a,
a]  and [-b,b ]; Xi ( t ) and Xr ( t ) represent the ith 
individual and a randomly selected individual from the 
current population respectively, while Xm ( t ) denotes the 
average position of individuals within the same population.

The gannet needs to perform two activities mentioned 
above, as well as two more, to mature. To avoid the 
gannet, the fish in the water are typically accompanied by 
a swift rotating motion. To catch the fish that are frantically 
attempting to escape, the gannet also uses a lot of energy. 
The capture capacity is defined by

C = 1
Rt2

, (8)

where t2 = 1 + t
tmax

, R = M × vel 2

0.2 + 1.8r5
, r5 is a random 

number within (0, 1), M=2.5 kg and vel=1.5 m/s 
represent the weight of the gannet and its speed in the 
water, respectively.

As the gannet accumulates sufficient energy, it will 
initiate fish-catching maneuvers. However, over time, 
the gannet’s energy depletes, hindering its ability to 
successfully complete the capture. The formula for 
updating its position is

Fig. 2　EGPR model.  Base learner is composed of GPR with 
different kernel functions and meta learner is an SVR model

399



Vol. 15 No. 3, Sept.  2024Journal of Measurement Science and Instrumentation

Xi ( t + 1 )=
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t1 C || X i ( t )- XBest ( t ) [ ]X i ( t )- XBest ( t ) + Xi ( t ), C ≥ c,

XBest ( t )- [ ]X i ( t )- XBest ( t ) Levy ( dim ) t1, C < c,
(9)

where c = 0.2 is a constant value that was established 
after conducting several experiments, XBest ( t ) represents 
the best-performing individual in the current population, 
and Levy(·) is the Levy flight function determined by

Levy ( dim )= 0.01 × μσ

|| v
1
β

, (10)

where μ, σ and v are random values between 0 and 1.

2.3 　Global forecasting process

The EGPR model is trained and constructed with 
GOA. In order to evaluate the prediction accuracy, three 
evaluation indexes are introduced for quantitative 
analysis as

MAE = 1
N ∑

i = 1

N

|| yi - yi
* , (11)

RMSE = 1
N ∑

i = 1

N

( yi - yi
* )2 , (12)

R2 = 1 -
∑
i = 1

N

( yi - yi
* )2

∑
i = 1

N

( yi - ȳ i )2
, (13)

where yi, ȳ i, and y *
i  represent the true value, mean of 

true value and predicted value of the ith cycle, 
respectively, and N is the number of samples. The range 

of mean absolute error (MAE) and root mean squared 
error (RMSE) is ( 0,+∞ ) , the closer it is to 0, the 
smaller the error result of the model; and the range of 
coefficient of determination(R2) is ( 0,1 ), the closer it is 
to 1, the better the fitting effect of the model.

As mentioned above, HI extraction is a crucial phase 
that has an impact on SOH prediction performance as a 
result of the complex degradation process that goes along 
with battery packaging [22, 41]. Therefore, it is essential to 
extract the features most correlated with capacity and use 
them as inputs for the EGPR model.

In summary, SOH prediction process of LIBs based 
on EGPR was carried out as shown in Fig. 3 with 
following steps:

1) From the discharge voltage and temperature curves 
of the LIB dataset, six HIs were isolated and then 
filtered using the Pearson correlation coefficient. The 
selected HIs were used as the EGPR input after 
normalization.

2) The meta-level regression model was trained using 
the entire training set, with the result of the base learner 
serving as its input. The GPR kernel function in base 
learner was optimized via GOA to avoid entering a local 
optimum.

3) The SOH of LIBs was predicted with EGPR and  
the accuracy of prediction results was evaluated.

3 　Results and discussion

3.1 　Feature extraction and correlation analysis

In this study, a battery’s SOH is predicted utilizing 
direct external variables that are simple to get from the 
BMS and appropriate for dynamic operation as indirect 

HIs. As seen in Fig.4, which depicts the variation of the 
depleted battery voltage as well as the temperature under 
various cycles, the B0005 battery is utilized as an 
example to extract HIs. The graph shows that, as the 
number of cycles rises, the discharge voltage trough 
shifts to the left, indicating a decline in discharge 
capacity. To extract features from the curves of current, 

Fig. 3　Framework for SOH prediction of LIBs
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temperature, and time, the peak of the discharge 
temperature shifts to the left as the number of cycles 

rises, suggesting that the voltage and temperature 
change at different phases.

Fig. 5 shows t he His with the number of cycles for 
B0005. The average discharge voltage is given by HI1; 
the final discharge temperature is given by HI2; the 
lowest voltage is given by HI3; the greatest discharge 

temperature is given by HI4; the time taken to reach the 
lowest discharge voltage is given by HI5; and HI6 
provides the amount of time needed to reach the highest 
discharge temperature.  

（a） Variation of voltage （b） Variation of temperature
Fig. 4　Variation of battery in different cycles
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As shown in Table 2. The absolute values of the 
Pearson correlation coefficients for HI1, HI4, HI5, and 
HI6 are above 0.65, indicating a very good correlation 
with capacity. As a result, these indicators were chosen 
as the HIs for the SOH prediction in this work and 
renamed as HI1, HI2, HI3, and HI4.

3.2 　SOH predicted by EGPR

The EGPR model’s parameters are searched using 
GOA, with the parameter yielding the lowest MSE 
selected as the ideal model parameter. For the batteries 
B0005, B0006, B0007, and B0018, the HIs that were 

obtained in Section 3.1 were normalized. In this study, 
the first 70% of the sample set constitutes the training 
set, while the remaining 30% is used as the testing set. 
Fig. 6 presents the predicted results, showing that the 
estimated SOH closely matches the actual values for 
these four batteries.

The findings demonstrated a high level of accuracy 
and minimal error of the EGPR model. The majority of 
prediction errors fall within the range of − 0.01 to 0.01, 
with the maximum error rate being less than 1%. 
Table 3 clearly illustrates the model’s predictive 
accuracy, as evidenced by MAE of less than 0.16%, 
RMSE of less than 0.20%, and R2 value ranging from 
0.988 9 to 0.999 5 across the four batteries.

Fig. 5　HIs with the number of cycles for B0005

Table 2　Pearson correlation coefficients of different HIs

HI No.

HI1
HI2
HI3
HI4
HI5
HI6

Pearson correlation coefficient
B0005

0.982 357
0.586 301

-0.487 070
-0.935 270

0.999 947
0.999 813

B0006
0.965 189
0.934 800

-0.489 720
-0.850 420

0.999 915
0.999 871

B0007
0.961 071

-0.021 81
-0.314 74
-0.749 46
0.999 725
0.999 201

B0018
0.985 595
0.496 173
0.117 606

-0.695 210
0.999 774
0.999 415

Table 3　Errors of SOH prediction by EGPR

Battery No.

B0005
B0006
B0007
B0018

MAE

0.042 8
0.159 5
0.085 7
0.131 8

RMSE

0.048 5
0.192 5
0.106 4
0.158 7

R2

0.999 5
0.996 5
0.996 9
0.988 9
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Furthermore, the EGPR model was also tested on two 
additional datasets, B0032 and B0056, which operates at 
various temperatures from NASA lithium battery datasets, 

to evaluate the robustness and generalization ability of the 
constructed model. The prediction results and relative 
errors are presented in Fig.7. 

It was observed that the original curve and predicted 
curve nearly overlap, indicating a high level of prediction 
accuracy. The model accurately captured the overall 

degradation trend within a minimal error of less than 
0.2%. These findings further demonstrate the excellent 
robustness, generalization ability and prediction 

Fig. 6　SOH prediction results by EGPR for battery

Fig. 7　Prediction results by EGPR for B0032 and B0056
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reliability of the proposed model when handling diverse 
datasets.

3.3 　Model comparison

To verify the effectiveness of GOA in EGPR 
parameter optimization, taking B0005 as an example, 
GOA was compared with the whale optimization 
algorithm(WOA), genetic algorithm(GA), and gray 
wolf optimization algorithm(GWO). The iteration 
curves are shown in Fig.8. It can be seen that, compared 
with WOA, GA, and GWO, GOA has a faster 
convergence rate and lower error.

To further validate the model performance, multiple 
sets of comparison experiments were designed. Firstly, 
the EGPR model was compared with the Gaussian 
process regression(GPR) with SE kernel, RQ kernel, 
Matern32 and Matern52 kernels under the same 
experimental environment and samples, using the  
battery B0018 as an example. The experimental results 
are shown in Fig. 9, where the MSE and RMSE of 
EGPR are smaller than GPR with a single kernel 
function, and R2 is closest to 1, which indicates that 
EGPR has better learning ability and higher prediction 
accuracy than individual GPR.

Secondly, the SOH prediction accuracy of EGPR 
model proposed in this work was compared with other 
previously developed machine learning regression 
models such as linear regression, SVR, and Ridge 
regression under identical experimental settings. Taking 
battery B0005 as an example, the comparison between 
the prediction results of four different algorithms and the 
real value are shown in Fig. 10. It can be seen that, the 
EGPR algorithm offers more accurate predictions than 
those produced by other algorithms.

Table 4 compares the errors produced by the single 
regression models of Ridge regression, SVR, linear 
regression, and literature-based machine learning. 
According to Ref. [49], the charging and discharging 
curves were used to extract 15 health features, which 
were then filtered using Pearson correlation coefficients 
and downscaled using NCA to create the DEGWO-
LSTM model. In Ref. [50], the link between HIs and 
SOH was assessed after using the voltage discharge time 
and temperature variation throughout the discharge 
process as HIs. Based on this, a particle swarm 
optimization-based multicore correlation vector machine
(MKRVM) was built to increase the precision of SOH 
prediction and parameter selection. Zhang et al. [51] 
employed artificial neural networks(ANN) to predict 
SOH of LIB by extracting features from incremental 
capacity curves. From Table 4, MSE and RMSE values 
of EGPR model are both lower than those of other 
models, indicating that the proposed HIs and EGPR 
model can predict the SOH more precisely.

Fig. 8　 Comparison of various optimization algorithms for 
hyperparameters of EGPR

Fig. 9　Comparison of EGPR and GPR with different kernel 
functions for SOH prediction of battery B0018， where MAE 
and RMSE are percentage values

Fig. 10　 Comparison of EGPR and other machine learning 
algorithms for SOH prediction of battery B0005
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Finally, several ensemble approaches for SOH 
estimation have been proposed in previous research[52-55]. 
Table 5 compares and constrasts the model structure, 
feature sources, and SOH estimation accuracy of those 
models with the EGPR model proposed in this work for 
NASA battery datasets. As shown in Table 5, the proposed 

method offers several advantages over the existing 
methods. First of all, it exhibits a stronger resistance to 
noise, which is crucial for accurately predicting the SOH of 
LIBs. Secondly, the proposed method leverages the 
extraction of HIs from voltage and temperature data. These 
HIs capture the complete battery degradation process, 
providing a comprehensive assessment of the battery’s 
health status. This leads to a more accurate estimation of 
SOH. Thirdly, the suggested model performs well in terms 
of SOH estimation accuracy. The model has a low RMSE, 
which demonstrates that the approach is highly capable of 
estimating the SOH of LIBs with great accuracy. In 
summary, the proposed method is effective for dynamic 
SOH prediction of LIBs due to its strong robustness, 
thorough HI extraction, and precise SOH estimation.

4 　Conclusions

This study proposed an EGPR-based battery health 
prediction model to address the challenge of accurately 
forecasting battery capacity reduction. The SOH of LIBs 
was precisely assessed, and the experimental batteries’ 
aging parameters were accurately extrapolated.

1) Six HIs were extracted from the discharge voltage 
and temperature curves of lithium battery dataset. These 
HIs were then filtered using the Pearson correlation 
coefficient, and the selected HIs were normalized and 
used as inputs for the EGPR model.

2) GOA was utilized to optimize the parameters for 
the kernel function parameter problem in the EGPR, and 
various optimization strategies were contrasted. The 
results demonstrate that GOA achieves faster and more 
accurate convergence.

3) With 70% of the data, EGPR was trained and 
compared to various ML models. The experimental 
results indicate that the proposed approach offers 
excellent precision and strong generalization.
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基于集成高斯过程回归的锂离子电池健康状态预测

惠周利, 王瑞洁, 冯娜娜, 杨 明*

中北大学  数学学院, 山西  太原  030051

摘 要： 锂离子电池性能会随着时间推移而逐渐下降， 实时预测电池的健康状态（State of health，  SOH）至关重要。本文提出一种融

合间接健康指标和集成高斯过程回归（Ensemble Gaussian process regression，  EGPR）的锂离子电池 SOH 预测模型。首先， 通过分析

放电过程中电压和温度的变化提炼出能够反应电池退化过程的6个间接健康因子。其次， 利用塘鹅优化算法（Gannet optimization algorithm， 
GOA）对 EGPR 模型中的参数进行优化并估计 SOH。最后， 该预测模型在多种实验场景下进行了测试和比较。针对 NASA 锂电池数

据集的仿真实验表明， 该方法具有较高的预测精度和泛化能力， 均方根误差保持在 0. 20% 以内， 平均绝对误差低于 0. 16%。
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