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Abstract
The state of charge (SOC) of a battery is a core component of battery management systems (BMS) and has become 
a key research focus because of its significant role in the development of clean energy. To address the limitations of 
traditional SOC estimation methods, this paper proposes a joint SOC estimation algorithm based on FFRLS-AEKF-
LSTM. First, a second-order RC equivalent circuit model of the battery is established, using data from hybrid pulse 
power characterization (HPPC) tests as input. The model parameters are initially identified the forgetting factor 
recursive least squares (FFRLS) method. Then, the adaptive extended Kalman filter (AEKF) algorithm is employed to 
update and estimate the SOC iteratively. Finally, the parameters obtained from the AEKF, together with voltage and 
current data under HPPC conditions, are used to train a long short-term memory (LSTM) neural network to predict the 
SOC. Experimental results show that the proposed joint algorithm achieves a root mean square error (RMSE) and mean 
absolute error (MAE) of less than 1%, demonstrating excellent performance.
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1. Introduction
In recent years, industrial technologies have developed rapidly, and scientific and technological progress has advanced at an unprecedented 
pace. However, this progress has also led to environmental pollution and energy shortages. In response to the national strategies of 
“carbon peaking” and “carbon neutrality,” China is actively promoting a cleaner energy consumption structure and striving to achieve 
both goals [1]. As a clean and pollution-free green energy source, lithium-ion batteries have been widely applied because of their high 
energy density, long lifespan, low self-discharge rate, and strong stability—particularly within the new energy vehicle industry chain. 
Therefore, the battery management system (BMS), which plays a key role in real-time monitoring of electric vehicle status, is of central 
importance in the development of new energy vehicles. Accurately estimating the state of charge (SOC) of individual lithium-ion battery 
cells in a system is considered the lifeline of a BMS and is critical to energy management and safety protection in electric vehicles [2].

However, owing to the complexity of internal lithium battery structures, their electrochemical reactions are affected by various factors, 
making them nonlinear and time-varying. This makes direct measurement difficult, and accurate SOC estimation has thus become 
a research hotspot in recent years. Currently, four main methods exist for SOC estimation in lithium batteries [3]: (1) The open-
circuit voltage method requires the battery to rest for a long time until its internal electrochemical reactions stabilize; then, the SOC is 
determined on the basis of voltage lookup tables. Owing to its long resting time, this method is impractical in real-world applications. 
(2) The ampere-hour integration method is simple and computationally efficient, but it relies heavily on sensor accuracy and is prone to 
accumulated measurement errors, leading to poor precision in practice. (3) The Kalman filtering method is typically based on equivalent 
battery models, but it has limitations when dealing with nonlinear systems and requires optimization. Reference proposed a second-order 

Open Access Journal of Disease and Global Health 
ISSN: 2993-6594



Ope Acce Jou Dis Glo Heal, 2025 Volume 3 | Issue 2 | 2

SA
M

PL
E C

OPY
 

UNPU
BLIS

HED PA
PE

R

extended Kalman filter (EKF) algorithm to improve upon the weak nonlinearity handling and low estimation accuracy of the first-order 
version [4]. (4) Data-driven methods typically apply machine learning techniques to estimate the SOC. These methods require large 
datasets and extensive training but offer high accuracy in modeling nonlinear systems. Reference proposed an improved gated recurrent 
unit (GRU) neural network algorithm optimized via a Hunter–Prey Optimization (HPO) algorithm, resulting in SOC estimation errors 
within 5% [5].

To address the limitations of existing approaches, this paper proposes a joint SOC estimation algorithm based on FFRLS-AEKF-LSTM. 
First, a second-order RC equivalent battery model is constructed. The parameters are subsequently identified via the forgetting factor 
recursive least squares (FFRLS) method. The adaptive extended Kalman filter (AEKF) algorithm is applied to estimate preliminary SOC 
values and relevant battery parameters. Finally, a long short-term memory (LSTM) neural network is built, using the AEKF-derived 
features as input, to accurately predict the SOC.

2. Materials and Methods 
2.1. Modeling of the Battery
The identification of battery parameters relies heavily on the establishment of an accurate battery model, as the model directly affects the 
precision of SOC estimation. Currently, the most commonly used battery models include equivalent circuit models and electrochemical 
models, among which the former is preferred for parameter identification because of its relatively high accuracy and relatively simple 
structure [6]. In this study, a second-order Thevenin equivalent circuit model is adopted. Compared with the traditional Thevenin model, 
this configuration offers improved accuracy while maintaining moderate complexity, thus avoiding issues such as nonconvergence. As 
illustrated in the figure below, R1 and R2 represent the polarization resistances, C1 and C2 are the polarization capacitors, R0 is the ohmic 
internal resistance of the battery, Uoc denotes the open-circuit voltage, and Ut is the terminal voltage.
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Figure 2: SOC‒OCV fitting curve

2.4. Parameter Identification via FFRLS
To perform parameter identification via the forgetting factor recursive least squares (FFRLS) method, it is necessary to transform the 
equivalent circuit model. By applying the Laplace transform to Equation (1), we can obtain:
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Equation (7) is transformed into the basic form of the FFRLS algorithm:132
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In this formula, 𝜃𝑘 is the parameter vector to be estimated, 𝜙𝑘 is the known input vector,136
𝐾𝑘 is the gain vector, 𝑃𝑘 is the error vector, and 𝜆 is the forgetting factor. The system paramet137
ers are estimated step by step through recursive calculations. The battery parameters can be ob138
tained by substituting the estimated system parameters θ into equation (8).139
Extended Kalman Filter Algorithm140

The extended Kalman filter (EKF) is an improved version of the traditional Kalman filter141
(KF). Since the Kalman filter is applicable only to linear systems and many real-world engine142

ering systems are nonlinear, the EKF was developed to address this limitation. Its core idea is143
to approximate the nonlinear functions through local Taylor expansion, thereby converting the144
m into linear problems that can be handled with standard Kalman filtering techniques. For a n145
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In this equation, 𝜔𝑘 and 𝑣𝑘 represent the unknown process noise and measurement noise,148
respectively, and 𝑥𝑘 is the system state vector at time step 𝑘, corresponding to149
𝑆𝑂𝐶(𝑘) 𝑈1 𝑘 𝑈2 𝑘 𝑇 in Equation (3). 𝑢𝑘 is the input vector at time 𝑘, corresponding to the150
current 𝑖(𝑘) in Equation (3), and 𝑦𝑘 is the output variable at time 𝑘, corresponding to the ter151

minal voltage 𝑈𝑡 𝑘 in Equation (3). The matrices B, C, and D represent the system parameter152
matrices, specifically:153

𝐴 =

1 0 0

0 𝑒𝑥𝑝
−𝑡𝑠
𝑅1𝐶1 0

0 0 𝑒𝑥𝑝
−𝑡𝑠
𝑅2𝐶2

, 𝐵 =

−𝑡𝑠
𝑄

𝑅1(1 − 𝑒𝑥𝑝
−𝑡𝑠
𝑅1𝐶1

)

𝑅2(1 − 𝑒𝑥𝑝
−𝑡𝑠
𝑅2𝐶2

)

, 𝐶 =
𝜕𝑈𝑜𝑐 𝑘
𝜕𝑆𝑂𝐶

− 1 − 1 , 𝐷

= − 𝑅0
Adaptive Extended Kalman Filter Algorithm154

Since the traditional EKF algorithm assumes a constant process and measurement noise,155
which limits its applicability and accuracy, this paper adopts the adaptive extended Kalman fil156
ter (AEKF) algorithm. The core idea of the AEKF lies in dynamically adjusting the noise para157
meters to significantly enhance estimation accuracy. Specifically, the algorithm introduces the158
following:159
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Equation (7) is transformed into the basic form of the FFRLS algorithm:132
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(Fig. 2) SOC‒OCV fitting curve117
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In this formula, θk is the parameter vector ϕk to be estimated,  is the known input vector, Kk is the gain vector, ˍPk is the error vector, λ and  
is the forgetting factor. The system parameters are estimated step by step through recursive calculations. The battery parameters can be 
obtained by substituting the estimated system parameters θ into equation (8).

2.5. Extended Kalman Filter Algorithm
The extended Kalman filter (EKF) is an improved version of the traditional Kalman filter (KF). Since the Kalman filter is applicable 
only to linear systems and many real-world engineering systems are nonlinear, the EKF was developed to address this limitation. Its core 
idea is to approximate the nonlinear functions through local Taylor expansion, thereby converting them into linear problems that can 
be handled with standard Kalman filtering techniques. For a nonlinear system, the state‒space equations can be expressed as follows:
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In this formula, 𝜃𝑘 is the parameter vector to be estimated, 𝜙𝑘 is the known input vector,136
𝐾𝑘 is the gain vector, 𝑃𝑘 is the error vector, and 𝜆 is the forgetting factor. The system paramet137
ers are estimated step by step through recursive calculations. The battery parameters can be ob138
tained by substituting the estimated system parameters θ into equation (8).139
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In this equation, 𝜔𝑘 and 𝑣𝑘 represent the unknown process noise and measurement noise,148
respectively, and 𝑥𝑘 is the system state vector at time step 𝑘, corresponding to149
𝑆𝑂𝐶(𝑘) 𝑈1 𝑘 𝑈2 𝑘 𝑇 in Equation (3). 𝑢𝑘 is the input vector at time 𝑘, corresponding to the150
current 𝑖(𝑘) in Equation (3), and 𝑦𝑘 is the output variable at time 𝑘, corresponding to the ter151

minal voltage 𝑈𝑡 𝑘 in Equation (3). The matrices B, C, and D represent the system parameter152
matrices, specifically:153
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Adaptive Extended Kalman Filter Algorithm154

Since the traditional EKF algorithm assumes a constant process and measurement noise,155
which limits its applicability and accuracy, this paper adopts the adaptive extended Kalman fil156
ter (AEKF) algorithm. The core idea of the AEKF lies in dynamically adjusting the noise para157
meters to significantly enhance estimation accuracy. Specifically, the algorithm introduces the158
following:159
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In this equation, ωk and vk represent the unknown process noise and measurement noise, respectively, and xk is the system state vector at 
time step k, corresponding to 
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 in Equation (3). uk is the input vector at time k, corresponding to the current i(k) in 
Equation (3), and yk is the output variable at time k, corresponding to the terminal voltage Ut(k) in Equation (3). The matrices B, C, and 
D represent the system parameter matrices, specifically:
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2.6. Adaptive Extended Kalman Filter Algorithm
Since the traditional EKF algorithm assumes a constant process and measurement noise, which limits its applicability and accuracy, this 
paper adopts the adaptive extended Kalman filter (AEKF) algorithm. The core idea of the AEKF lies in dynamically adjusting the noise 
parameters to significantly enhance estimation accuracy. Specifically, the algorithm introduces the following:
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In this equation, 𝑒𝑘 represents the measurement error, whereas 𝑄𝑘 and 𝑅𝑘 denote the proc161
ess noise covariance matrix and the observation noise covariance matrix, respectively. In this162
paper, both 𝑄 and 𝑅 are set to 0.01. The symbol 𝑚 represents the weight forgetting factor, wh163
ich is chosen as 0.98 in this paper. The main steps of the AEKF algorithm are as follows:164
(1) Set the initial values of the matrices 𝑥0, 𝑃0, 𝑄0, and 𝑅0.165
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(3) State parameter iteration:

 
 

 

1

k k k k k k k

k k k k k k

k k k k

K P C C P C R

x x K y C x

P I K C P

 

  

 

  
   
  

• •

167

(4) Adaptive update:  
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LSTM Neural Network169
Long short-term memory (LSTM) is a special type of recurrent neural network (RNN) th170

at replaces ordinary hidden nodes with memory cells. It addresses the problems of gradient va171
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LSTM introduces a gating mechanism and memory cell to control the flow of informatio178
n. Its general structure is shown in the figure, with core components including the forget gate,179
input gate, control unit (memory cell), and output gate. First, the input gate processes the inpu180
t vector; then, the forget gate and input gate are calculated. On the basis of their results, the lo181
ng-term memory is updated. Finally, the output gate is computed to determine the final output.182
The specific formulas are as follows:183
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2.7. LSTM Neural Network
Long short-term memory (LSTM) is a special type of recurrent neural network (RNN) that replaces ordinary hidden nodes with memory 
cells. It addresses the problems of gradient vanishing and explosion that traditional RNNs often encounter during backpropagation, 
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enabling it to effectively learn long-term dependencies. LSTM performs well in time series prediction tasks and is therefore used in this 
study to estimate the state of charge of lithium-ion batteries [8].Fig. 3 LSTM network structure diagram306

sigmoid sigmoid

tanh

Ct
titf

th

1th 

tx

1tc  tc

sigmoid

tO

tanh

th

307

Fig. 4 Flow of the FFRLS-AEKF-LSTM algorithm308
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Figure 3: LSTM Network Structure Diagram

LSTM introduces a gating mechanism and memory cell to control the flow of information. Its general structure is shown in the figure, 
with core components including the forget gate, input gate, control unit (memory cell), and output gate. First, the input gate processes the 
input vector; then, the forget gate and input gate are calculated. On the basis of their results, the long-term memory is updated. Finally, 
the output gate is computed to determine the final output. The specific formulas are as follows:

In the above formulas, W represents the weight matrix, b represents the bias vector, xt represents the current input vector, ht represents 
the current hidden state, Ct represents the current memory cell state, ot represents the current output, σ represents the sigmoid activation 
function, and tanh represents the hyperbolic tangent function.

3. Results
3.1. Joint Algorithm Design of FFRLS-AEKF-LSTM
The LSTM neural network can effectively handle long-term dependency issues, including trends and periodic changes. Therefore, it 
can be trained offline for regression prediction. This paper proposes a joint FFRLS-AEKF-LSTM algorithm. The parameters obtained 
through the FFRLS-EKF algorithm not only expand the LSTM network dataset but also exhibit a high correlation with the target SOC 
values, making them more suitable as input parameters to improve prediction accuracy.

First, operational condition data are input. The FFRLS algorithm is used to identify battery parameters, and the initial SOC value is 
obtained through the OCV-SOC relationship as the input for the AEKF algorithm. The AEKF algorithm then performs iterative filtering 
and outputs the Kalman gain Kk, covariance matrix Pk, and estimation error eSOC. These, along with the battery terminal voltage and 
current, are used as inputs for the LSTM network, thus expanding the network’s dataset. The actual SOC value is used as the network 
output to ensure feature relevance. Finally, the neural network is constructed and trained. Eighty percent of the total dataset is used as the 
training set, and the remaining 20% is used as the test set to validate the network’s accuracy. The flowchart of the FFRLS-AEKF-LSTM 
algorithm is shown below.
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3.2. Experimental Results
In this experiment, battery discharge data under HPPC conditions were used as the research subject. After completing the theoretical 
research, a simulation model of the combined algorithm was built via MATLAB software. The LSTM neural network module was 
implemented on a hardware platform equipped with an Intel i5-13650HX CPU and an NVIDIA 4060 laptop GPU with 8 GB memory.

The LSTM neural network was configured with an input layer of dimension 5 and a fully connected output layer of dimension 1. The 
hidden layers consisted of two stacked LSTM layers, followed by a dropout layer with a rate of 0.2 to enhance generalization and prevent 
overfitting. The initial learning rate was set to 0.005, and the optimizer used was Adam, with its learning rate adjusted to 0.01 to facilitate 
faster convergence of the network.

As shown in the figure below, by the 150th epoch and after approximately 500 iterations, the SOC prediction error became stable, with 
the RMSE remaining below 0.1.
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Figure 6: RMSE iteration curve

In this experiment, the mean absolute error (MAE) and root mean square error (RMSE) are used as the primary evaluation metrics. 
Both are common methods for measuring the difference between the predicted and true values. The MAE calculates the average of the 
absolute differences between the predictions and actual values, reflecting the overall average deviation of the model. A smaller MAE 
value indicates better prediction accuracy, and it is less sensitive to outliers. In contrast, the RMSE is the square root of the mean of the 
squared prediction errors, which penalizes larger errors more heavily and better captures the fluctuations in prediction accuracy. The 
formulas for both metrics are shown below:
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Figure 7: SOC Prediction Results for the Test Set
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Figure 8: Comparison of SOC Estimation Errors under Different Algorithms

4. Conclusion
The SOC prediction results of the FFRLS-AEKF algorithm and the FFRLS-AEKF-LSTM combined algorithm were compared based 
on 10,000 recorded data points, as shown in Figure 7. The prediction errors of both algorithms relative to the actual SOC are illustrated 
in Figure 8. It can be observed that the FFRLS-AEKF-LSTM algorithm exhibits better convergence in SOC prediction compared to the 
FFRLS-AEKF algorithm, with a maximum error of less than 0.04, while the maximum error of the FFRLS-AEKF algorithm reaches 
0.05.

Specifically, the RMSE and MAE of the FFRLS-AEKF method are 1.47% and 1.72%, respectively, whereas the RMSE and MAE of 
the proposed FFRLS-AEKF-LSTM method are reduced to 0.83% and 1.04%, respectively. This demonstrates the superior accuracy 
and robustness of the proposed method. Additionally, the model exhibits good convergence during training, with the prediction error 
stabilizing after approximately 150 epochs. These results further validate the feasibility and practical value of the combined algorithm in 
modeling complex battery systems, providing a solid theoretical and engineering foundation for high-precision SOC estimation.

Discussion
This paper focuses on the estimation of the lithium-ion battery state of charge and proposes a hybrid estimation algorithm based on 
FFRLS-AEKF-LSTM by integrating parameter identification, filtering algorithms, and deep learning models. The proposed method 
fully utilizes the dynamic parameter identification capability of the FFRLS algorithm, the nonlinear state optimization strength of the 
AEKF algorithm, and the temporal modeling advantages of the LSTM neural network, thereby achieving more accurate SOC prediction.

The experimental results demonstrate that the proposed hybrid algorithm outperforms traditional methods in both accuracy and stability, 
exhibiting good convergence and robustness. The RMSE and MAE of the predicted results remain below 1%, meeting the high-precision 
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SOC estimation requirements of battery management systems in new energy vehicles and energy storage systems. This research provides 
an effective algorithmic foundation for the realization of intelligent battery management and contributes technical insights for the safe 
and efficient operation of the new energy industry under China’s “dual carbon” strategy.
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