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Abstract 

Accurate estimation of the State of Charge (SOC) for lithium-ion batteries is a core func-
tion of the Battery Management System (BMS). However, LiFePO4 batteries present spe-
cific challenges for SOC estimation due to the characteristic plateau in their open-circuit 
voltage (OCV) versus SOC relationship. Moreover, data-driven estimation approaches of-
ten face significant difficulties stemming from measurement noise and interference, the 
highly nonlinear internal dynamics of the battery, and the time-varying nature of key bat-
tery parameters. To address these issues, this paper proposes a Long Short-Term Memory 
(LSTM) model integrated with feature engineering, physical constraints, and the Ex-
tended Kalman Filter (EKF). First, the model’s temporal perception of the historical 
charge–discharge states of the battery is enhanced through the fusion of temporal voltage 
information. Second, a post-processing strategy based on physical laws is designed, uti-
lizing the Particle Swarm Optimization (PSO) algorithm to search for optimal correction 
factors. Finally, the SOC obtained from the previous steps serves as the observation input 
to EKF filtering, enabling a probabilistically weighted fusion of the data-driven model 
output and the EKF to improve the model’s dynamic tracking performance. When applied 
to SOC estimation of LiFePO4 batteries under various operating conditions and tempera-
tures ranging from 0 °C to 50 °C, the proposed model achieves average Mean Absolute 
Error (MAE) and Root Mean Square Error (RMSE) as low as 0.46% and 0.56%, respec-
tively. These results demonstrate the model’s excellent robustness, adaptability, and dy-
namic tracking capability. Additionally, the proposed approach only requires derived fea-
tures from existing input data without the need for additional sensors, and the model 
exhibits low memory usage, showing considerable potential for practical BMS implemen-
tation. Furthermore, this study offers an effective technical pathway for state estimation 
under a “physical information–data-driven–filter fusion” framework, enabling accurate 
SOC estimation of lithium-ion batteries across multiple operating scenarios. 
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1. Introduction 
Amid the growing severity of the global energy crisis and environmental pollution, 

the development of clean and sustainable energy technologies has become a strategic pri-
ority worldwide [1,2]. Against this backdrop, lithium-ion batteries have gained extensive 
application in electric vehicles (EVs), renewable energy storage systems, aerospace, and 
portable electronic devices due to their notable advantages, such as high energy density, 
long cycle life, low self-discharge rate, and absence of memory effect. As a result, they 
have become a key driver in the ongoing transition of the global energy structure [3–5]. 

The Battery Management System (BMS), often regarded as the “brain” of a battery 
pack, has one of its core functions as the accurate real-time estimation of key battery states 
[6]. Among these, the State of Charge (SOC) is one of the most critical parameters for BMS 
operation. It is conventionally defined as the percentage of a battery’s remaining available 
capacity relative to the nominal capacity [7]. Accurate SOC estimation is essential to pre-
vent incidents such as vehicle breakdowns and unexpected device shutdowns [8], while 
also contributing to improved system efficiency and extended battery pack lifespan [9–
11]. However, SOC is an internal state that cannot be measured directly by sensors [12]. 
Its estimation is complicated by the coupled influence of multiple factors, including dy-
namic variations in battery operating temperature, charge/discharge current rates, cycle 
aging, and operating conditions, as well as the inherent time-varying and nonlinear char-
acteristics of internal electrochemical parameters, such as polarization resistance and dif-
fusion coefficient [13,14]. Currently, SOC estimation methods reported in the literature are 
broadly categorized into four groups: the Coulomb counting method, the open-circuit 
voltage (OCV) method, model-based estimation methods, and data-driven estimation 
methods [15–17]. 

Among these methods, the Coulomb counting method is the most direct in principle 
[18]. It calculates the SOC directly based on its definition, using real-time operating cur-
rent measurements, thus forming a simple open-loop system. However, it suffers from 
two critical limitations: first, a strong dependence on an accurate initial SOC; second, the 
accumulation of measurement errors in Coulomb counting over long-term operation [19]. 
The OCV method relies on establishing a monotonic mapping between the battery’s OCV 
and SOC, i.e., the OCV–SOC curve [20,21]. This approach requires the battery to be in a 
prolonged resting state to reach equilibrium [22,23], and its accuracy is limited for LiFePO4 
batteries due to their characteristically flat OCV–SOC profile [24,25]. Peng et al. [22] pro-
posed a recursive least square algorithm with a forgetting factor (FF-RLS) for battery 
model parameter identification and adopted an exponentially weighted moving average 
(EWMA) method to calculate the temperature compensation coefficient, thereby reducing 
OCV identification errors. They further partitioned the SOC estimation process according 
to the slope characteristics of the OCV–SOC curve. In gentle-slope regions, the system 
primarily relied on the extended Kalman filter (EKF) for high-precision state updates. In 
steep-slope and plateau regions, it switched to a hybrid estimation scheme employing a 
proportional–integral–differential (PID) observer integrated with an adaptive extended 
Kalman filter (AEKF). The PID controller was embedded into the AEKF correction step to 
perform multi-dimensional adjustment of the innovation (the difference between ob-
served and predicted values). The proportional (P) term provided a rapid response to the 
current error, the integral (I) term accumulated errors to eliminate steady-state offset, and 
the differential (D) term tracked the error rate of change to suppress overshoot. This inte-
grated approach ultimately achieved high-precision SOC estimation with a maximum ab-
solute error below 3%. In the category of model-based estimation methods, the pseudo-
two-dimensional (P2D) model involves solving coupled nonlinear partial differential 
equations, which is extremely time-consuming and thus impractical for integration into 
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real-time BMS applications [26,27]. In contrast, the equivalent circuit models (ECMs) re-
quire specific parameter identification for each individual battery [22,28]. Additionally, it 
still relies on the OCV–SOC curve combined with state observers for closed-loop SOC 
estimation [29] and thus cannot effectively address the flat plateau problem of the OCV–
SOC curve for LiFePO4 batteries [24,30]. 

In recent years, extensive studies have explored the application of machine learning 
and deep learning methods in battery SOC estimation. These methods do not rely on spe-
cific battery models; instead, they treat the battery as a “black box” and directly establish 
the complex nonlinear mapping relationship between the battery’s external measurement 
information and SOC by learning a large volume of historical operating data [31–33]. Chen 
et al. [34] proposed a novel SOC estimation method for LiFePO4 batteries based on the 
combined modeling of physical and machine learning models. A first-order RC ECM was 
employed to fit and shield interpretable dynamics (such as ohmic voltage and polarization 
voltage), while the remaining unexplainable dynamics were defined as open-circuit volt-
age noise (OCVN) and fitted with a Long Short-Term Memory (LSTM) model to capture 
their nonlinear mapping with SOC. This method enhanced the interpretability of SOC 
models based on direct mapping. Bao et al. [35] presented a collaborative framework in-
tegrating Transformer and LSTM models, where the long-term SOC estimation results 
derived from the Transformer were used as input features for the LSTM, leveraging the 
Transformer’s advantage in capturing long-term dependencies and the LSTM’s capability 
in modeling short-term patterns in sequence data. Li et al. [36] proposed a hybrid neural 
network model that combines the data processing capability of temporal convolutional 
networks (TCNs) and the long-term dependency learning ability of gated recurrent units 
(GRUs). Wan et al. [37] proposed an improved whale optimization algorithm (WOA) to 
optimize the number of hidden layer nodes, learning rate, and number of iterations of the 
LSTM model, overcoming the shortcomings of manually setting hyperparameters. 

To improve the modeling accuracy and generalization ability of the data-driven net-
works and further construct high-performing models, researchers have focused on ex-
panding the dimensionality of input features to enrich the information content available 
for learning. Sulaiman et al. [38] proposed a SOC estimation model based on a Random 
Forest (RF) algorithm. The model was trained using data collected from 70 real-world 
driving trips of the BMW i3 EV equipped with a 60 Ah Nickel Manganese Cobalt oxide 
(NMC) battery pack, and the cell was manufactured by Samsung SDI of South Korea. It 
incorporated a comprehensive set of input features, including battery voltage, current, 
battery temperature, and ambient temperature, achieving a Root Mean Square Error 
(RMSE) of 5.90% and a Mean Absolute Error (MAE) of 4.43%. This work offers valuable 
insights for applying machine learning algorithms to real-world vehicle SOC estimation. 
For the future optimization of data-driven models, it would be beneficial to further verify 
the consistency of data distribution between the training and test sets in terms of driving 
patterns and operating scenarios, such as highway cruising and urban congestion. Chen 
et al. [39] adopted voltage, current, operating temperature, and state of health (SOH) as 
inputs, using the LSTM to first generate a rough SOC estimate, followed by smoothing the 
output results with an adaptive H∞ filter, and ultimately controlling the estimation error 
within 2.1%. Wang et al. [40] generated new features (voltage × current, voltage × temper-
ature, and current × temperature) through feature crossing of voltage, current, and tem-
perature and then reduced the feature dimension through the RF before inputting the data 
into a convolutional neural network (CNN). This study emphasized the significant role of 
feature engineering technology in SOC estimation. Meanwhile, Xu et al. [41] and Wu et al. 
[42] incorporated battery surface expansion force and external battery preload as addi-
tional input features, respectively, but these methods require additional sensing devices. 
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Compared with single algorithms and open-loop combined algorithms, integrated algo-
rithms generally exhibit better performance in SOC estimation. Li et al. [43] proposed a 
closed-loop estimation method that integrates a Support Vector Regression (SVR) model 
with an EKF framework. The method was comprehensively validated under multiple typ-
ical operating conditions—including the Dynamic Stress Test (DST), US06 High-Speed 
Driving Schedule (US06), Federal Urban Driving Schedule (FUDS), and Beijing Dynamic 
Stress Test (BJDST)—at a constant temperature of 25 °C. Additionally, a random profile 
(Random) composed of random combinations of the four aforementioned conditions was 
tested over a broader temperature range of 10 °C to 40 °C. Results indicated that the pro-
posed approach achieved an MAE of ≤0.60% and an RMSE of ≤0.73%. It is worth noting 
that this study focused on lithium NMC batteries, with model inputs limited to battery 
operating current and voltage, thereby establishing a basis for further investigation into 
the potential influence of additional parameters. Tian et al. [44] employed an LSTM net-
work to learn the nonlinear relationship between SOC and measured parameters and then 
applied an adaptive cubature Kalman filter (ACKF) to smooth the output of the LSTM 
network, thereby achieving accurate and stable SOC estimation. Jiang et al. [45] proposed 
an integrated algorithm combining the LSTM and an adaptive unscented Kalman filter 
(AUKF). In this algorithm, the LSTM network was employed to capture long-term tem-
poral dependencies in multivariate battery data, while the AUKF dynamically adjusted 
its parameters to filter measurement noise, thereby enhancing the robustness of SOC esti-
mation. 

Existing studies have shown that LiFePO4 batteries exhibit a flatter OCV-SOC curve 
compared to NMC batteries, resulting in more pronounced nonlinear behavior. Further-
more, current methods often do not adequately incorporate the temporal information of 
historical voltage data, making it difficult to extract stable features of battery charge–dis-
charge states from fluctuating voltage measurements. This, in turn, reduces model robust-
ness against noise and transient disturbances. To address this issue, this study incorpo-
rates an averaged voltage feature into the model input, enhancing its ability to capture the 
temporal evolution of historical battery charge–discharge states. This strategy is referred 
to as feature introduction (FI), and the corresponding model is denoted as LSTM_FI. By 
integrating time-series voltage information, the model strengthens its temporal percep-
tion of historical charge–discharge states, thereby suppressing interference from noise and 
data anomalies while effectively learning the underlying nonlinear mapping. 

On the other hand, deep learning models are highly sensitive to measurement noise 
and disturbances during data acquisition. Such models tend to overreact to anomalous 
fluctuations in input data, which not only causes significant oscillations in SOC predic-
tions but also limits the overall dynamic tracking performance. Moreover, the raw model 
output is often directly adopted as the final prediction, without considering the dynamic 
volatility of the output or the physical constraints that SOC must satisfy; for example, the 
direction of SOC change must align with the direction of the current. 

To mitigate these limitations, this paper proposes a physics-guided constraint mech-
anism applied at the output stage, based on the direction of the operating current. The 
Particle Swarm Optimization (PSO) algorithm is employed to search for an optimal cor-
rection coefficient. This strategy is termed limit output (LO), and the corresponding model 
is named LSTM_LO. By dynamically constraining the model output, this approach jointly 
improves prediction stability and physical consistency. 

Finally, to further enhance dynamic tracking capability, the SOC from the above 
model is used as the observation input for EKF processing, enabling a probabilistically 
weighted fusion of the data-driven output and the EKF estimate. This integrated model is 
referred to as LSTM_FILO_EKF. The overall framework of the proposed methodology is 
illustrated in Figure 1. 
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Figure 1. Overall framework of proposed battery SOC estimation method. 

Voltage, current, and temperature data from cyclic tests on LiFePO4 batteries under 
the DST profile across different ambient temperatures were used as the training dataset 
for the proposed model. Meanwhile, data collected under the FUDS and US06 operating 
conditions at various ambient temperatures served as the validation set. Following data 
preprocessing, the average battery voltage-derived from the raw voltage measurements-
alongside the original voltage, current, and temperature, were fed into the LSTM network 
as input features. 

The output of the LSTM_FI model, denoted as SOCL, was subsequently processed by 
the LO module, whose parameters were optimized via the PSO algorithm. The resulting 
refined SOC estimate was then used as the observation input to an EKF. In contrast, the 
SOCL calculated through the Coulomb counting method is employed as the predicted 
value of the EKF. Adaptive adjustment of the Kalman gain enabled probabilistically 
weighted fusion between the data-driven model output and the EKF estimate. This inte-
grated approach establishes a reliable foundation for practical implementation in BMS, 
thereby supporting accurate battery state monitoring and control. 

The remainder of this paper is organized as follows. Section 2 provides a systematic 
exposition of the fundamental theory and methodology, including the principles and im-
plementation of the LSTM network, the optimization mechanism of the PSO algorithm, 
the construction of the average voltage feature, the implementation of the output con-
straint strategy, the principles and parameter settings of the EKF, as well as the overall 
model architecture and hyperparameter configuration. Section 3 describes the source of 
the experimental dataset, the composition of input features, and the data preprocessing 
steps, while also defining the evaluation metrics used to assess prediction performance. 
Section 4 presents a module-by-module validation and a comprehensive performance 
evaluation. First, the prediction performance of the LSTM_FI model is compared with that 
of the baseline LSTM. Next, the optimization process of the correction factor via the PSO 
algorithm is analyzed, and the standalone effect of output constraints is verified. Third, 
the model behavior under the combined effect of the two strategies is investigated. Finally, 
the overall performance of the proposed integrated model is validated, and its advantages 
are systematically illustrated through a quantitative error analysis against reference val-
ues. Section 5 concludes the paper with a summary of the research findings. 

2. Proposed LSTM_FILO_EKF Model 
2.1. LSTM Neural Network 

As a variant of Recurrent Neural Networks (RNNs), LSTM networks effectively ad-
dress common issues in traditional neural networks such as local minimum, gradient van-
ishing, and gradient explosion. Meanwhile, the charging and discharging processes of 
batteries are continuous and exhibit strong temporal dependence: the SOC at any given 
moment is influenced not only by the instantaneous current, voltage, and temperature, 
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but also by historical operating states. The unique “gating mechanism” of LSTM allows it 
to effectively learn and retain long-term dependencies within time-series data, thereby 
offering strong modeling capabilities in this context. Furthermore, the internal electro-
chemical reactions of batteries are highly complex, resulting in a strongly nonlinear rela-
tionship between SOC and measurable variables such as voltage, current, and tempera-
ture. LSTM is capable of learning these complex mappings from training, which gives it a 
distinct advantage in SOC estimation. The structure of an LSTM unit is illustrated in Fig-
ure 2 and consists of three gates: a forget gate, an input gate, and an output gate. Specifi-
cally, the forget gate is responsible for deleting state information within the LSTM unit; 
the input gate selects and transmits valuable input information to the storage unit; and 
the output gate controls the amount of information output from the storage unit [46]. 

 

Figure 2. LSTM cell structure. 

The calculation process of the LSTM unit at time t is as follows: 
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where 𝑓௧, 𝑖௧, and 𝑜௧ are the forget gate, input gate, and output gate, respectively. 𝑐̃௧ is 
the candidate state, and 𝑐௧ is the internal state. The sigmoid function 𝜎 ∈ [0, 1]஽ and the 
hyperbolic tangent function tanh ∈ [−1, 1]஽. 𝑥௧ is the state vector composed of voltage, 
current, and temperature. 𝑠𝑜𝑐௧୐ is the SOC estimated by LSTM at time t. 𝑔(⋅) is the non-
linear activation function of the output layer. U, V, and W are weight matrices, and b is the 
bias vector. ⊙ represents vector multiplication. 

2.2. Particle Swarm Optimization 

PSO is a swarm intelligence optimization algorithm inspired by the intelligent be-
havior of social organisms, such as bird flocks and fish schools. Its core idea is to guide 
the entire particle swarm toward the optimal solution region through information sharing 
and cooperation among individual particles. The PSO algorithm is characterized by a sim-
ple structure, a small number of adjustable parameters, fast convergence speed, and no 
strict constraints on the properties of the objective function (such as differentiability and 
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continuity). Since its introduction, it has been widely applied in various fields, including 
function optimization, neural network training, fuzzy system control, and pattern recog-
nition, and it has become an effective tool for solving complex optimization problems [47]. 

In the PSO algorithm, each potential solution is regarded as a “particle” within the 
search space. The entire particle swarm consists of a certain number of particles, and each 
particle is characterized by two fundamental attributes: 

• Position: the coordinates of the solution in the search space, denoted as 𝑋௜ ={𝑥௜ଵ, 𝑥௜ଶ, … , 𝑥௜ௗ}, where d is the dimension of the search space; 
• Velocity: the direction and step size of the particle’s next iteration, denoted as 𝑉௜ ={𝑣௜ଵ,𝑣௜ଶ, … , 𝑣௜ௗ}. Each particle updates its velocity and position by tracking two ex-

treme values; 
• Individual extreme value: the optimal position found by the particle itself during it-

eration, denoted as 𝑃௜ = {𝑝௜ଵ,𝑝௜ଶ, … ,𝑝௜ௗ}; 
• Global extreme value: the optimal position found by the entire particle swarm so far, 

denoted as 𝑃௚ = ൛𝑝௚ଵ,𝑝௚ଶ, … ,𝑝௚ௗൟ. 
The execution process of the standard PSO algorithm is an iterative process, and its 

flow chart is shown in Figure 3. 

 

Figure 3. PSO process. 
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• 𝑣௜ and 𝑥௜ represent the velocity and position of the i-th particle at the t-th iteration, 
respectively. 

In each iteration, the particle updates its velocity and position using Equation (2) and 
Equation (3), respectively: 

Velocity update formula: 

1
1 1 2 2( ) ( )t t t t t t

id id id id gd gdv v c r p x c r p xω+ = ⋅ + ⋅ ⋅ − + ⋅ ⋅ −  (2)

where 𝑟ଵ and 𝑟ଶ are random numbers in the range [0, 1], which are used to introduce 
randomness into the search process; 𝑣௜ௗ௧  and 𝑥௜ௗ௧  represent the velocity and position of 
the i-th particle in the d-th dimension at the t-th iteration, respectively; 𝑝௜ௗ௧  and 𝑝௚ௗ௧  rep-
resent the best fitness value and the global best fitness value of the i-th particle in the 
d-dimension at the t-th iteration, respectively. 

Position update formula: 

1 1t t t
id id idx x v+ += +  (3)

2.3. Feature Introduction 

In data-driven approaches for battery SOC prediction, the input features to the model 
must be directly measurable by sensors, typically including voltage, current, and temper-
ature. Specifically, voltage serves as an indicator of the battery’s real-time discharge ca-
pacity to a certain extent, while current reflects its instantaneous charging or discharging 
status. Temperature directly influences the kinetics of internal electrochemical reactions, 
such as lithium intercalation and deintercalation, as well as lithium-ion activity, thereby 
significantly affecting key battery performance metrics, including internal resistance and 
capacity [39]. 

Using 25 °C as a typical test temperature, three different operating conditions were 
cyclically applied to the battery until its voltage reached the cut-off threshold, as illus-
trated in Figure 4. 

Figure 4a depicts the current profiles for a single cycle under each operating condi-
tion, where negative current corresponds to discharge and positive current to charge. The 
three profiles are defined as follows: 

DST simulates frequent and severe power fluctuations during typical vehicle opera-
tions (acceleration, cruising, deceleration, and regenerative braking), with a single-cycle 
duration of 360 s. 

FUDS represents typical urban driving behavior, with a single-cycle duration of 1400 
s. 

US06 corresponds to aggressive driving and high-speed road conditions, with a sin-
gle-cycle duration of 600 s. 

Figure 4b–d present the measured battery voltage and current data obtained by cy-
clically applying the DST, FUDS, and US06 profiles, respectively, until the battery voltage 
decreased to the lower cut-off voltage. 

In SOC estimation, the primary features used for model training—voltage, current, 
and temperature—are subjected to measurement errors and noise. Deep learning models 
are highly sensitive to such minor fluctuations, and even slight noise can lead to signifi-
cant deviations in prediction outcomes. Furthermore, SOC estimation depends on the in-
ternal physical and chemical properties of the battery, which are not explicitly represented 
in purely data-driven approaches. As a result, models may overreact to noise or anomalies 
in the input data, leading to unstable SOC predictions. 

Since sensors collect battery states in real time, the voltage exhibits notable variations 
during current changes, especially during transitions between charging and discharging 
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states. For example, under DST conditions, the voltage difference can reach approximately 
0.6 V when the battery switches from a resting state to a 4 A discharge. In addition, meas-
urement noise can induce transient spikes in current and voltage. Feeding such dynamic 
and noisy operating states into an LSTM network may interfere with the model’s ability 
to learn the inherent nonlinear behavior of the battery, potentially causing pronounced 
fluctuations in the predicted SOC and divergence from the true value. 

  
(a) (b) 

  
(c) (d) 

Figure 4. Current and voltage data under various operating conditions at 25 °C. (a) Current settings 
for a single cycle of three operating conditions; (b) DST; (c) FUDS; (d) US06. 

To address this issue, a newly constructed feature—averaged voltage—is introduced 
as an additional input to the LSTM network. Unlike the real-time measured voltage that 
reacts sharply to instantaneous current changes, the averaged voltage reflects the overall 
charge–discharge state of the battery over a specific time window and approximates the 
“quasi-steady-state” voltage. It serves as an anchor point that points to the OCV for the 
LSTM network. This significantly reduces the difficulty for the model to infer the remain-
ing discharge capacity of the battery from fluctuating voltage signals. By incorporating 
such slow time-varying information, the network can better learn the nonlinear mapping 
related to the battery’s internal characteristics, even under large fluctuations in operating 
current and voltage. Moreover, the averaged voltage effectively smooths out transient 
voltage spikes caused by abrupt current changes and measurement noise, thereby stabi-
lizing SOC predictions. 
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Instead of replacing the original time-series voltage data, we retain both the raw volt-
age and the averaged voltage as parallel inputs to the LSTM. This dual-input framework 
enables the model to simultaneously capture instantaneous voltage dynamics and longer-
term averaged behavior, enhancing its ability to perceive the temporal evolution of the 
battery’s historical charge–discharge states. 

Regarding the LSTM’s gating mechanism, although LSTM can memorize historical 
information, this capability is achieved through the implicit and abstract manner of the 
hidden state ℎ௧ and cell state 𝑐௧ in its unit. The averaged voltage provides an explicit 
summary of past voltage levels. This injects useful prior knowledge into the model, re-
duces the memory burden on the LSTM’s internal state, and allows it to focus more on 
learning other complex dynamic and nonlinear relationships. 

The averaged voltage is calculated as follows: 

+1 1( ) /k
t t k t tV V V V k− −= + + +  (4)

where k is the window size for calculating the averaged voltage, i.e., the number of con-
secutive voltage samples used. When the sampling instant t < k, a truncated window strat-
egy is applied, with the arithmetic mean computed only over the available t samples. 

The averaged voltage at each time step is defined as the mean of the instantaneous 
voltages within a backward time window that starts at and includes the current voltage 
sample. The principle of averaged voltage acquisition is illustrated in Figure 5. 

 

Figure 5. Averaged voltage acquisition principle. 

Taking data from the US06 operating condition at 25 °C as an example, the averaged 
voltage calculated with k values of 25, 50, and 75 is shown in Figure 6. 

 

Figure 6. Averaged voltage with different k values. 

The averaged voltage effectively suppresses transient time-varying signals while pre-
serving its capacity to indicate the remaining battery capacity as the operating condition 
cycles between charge and discharge, the averaged voltage correspondingly rises and 
falls. However, when the window size k is small, for example, k = 25, the averaged voltage 
still exhibits considerable variation during abrupt voltage changes. Conversely, when k is 
large, for example, k = 75, the averaged voltage fails to track the actual voltage dynamics 
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and cannot synchronize as the battery voltage changes over time. When k = 50, the aver-
aged voltage successfully balances these aspects: it mitigates the influence of time-varying 
voltage signals while accurately reflecting both the voltage fluctuations and the remaining 
capacity of the battery. 

2.4. Limit Output 

Besides adding the averaged voltage to the LSTM input layer to improve the model’s 
learning of battery nonlinear characteristics, certain limitations can also be added to the 
output layer to enhance the reliability of LSTM prediction. Specifically, when the LSTM is 
used for battery SOC prediction, the LSTM network is often trained using data obtained 
from cyclic loading under a specific condition to acquire network weight parameters, 
which are then utilized to predict SOC under other conditions. Although the LSTM has 
been trained to learn nonlinear features, it is essentially a “black box” as a data-driven 
model. Under complex actual conditions, the prediction output of the model may occa-
sionally violate the basic electrochemical physical laws, resulting in obvious illogical “ab-
normal points” or “jitter”. These prediction errors not only deteriorate the estimation ac-
curacy but also seriously compromise the reliability and safety of the BMS. 

This section proposes an LSTM output post-processing strategy based on physical 
consistency constraints. The core idea of this strategy is to use the current direction, an 
indisputable physical information, as the “golden criterion” to evaluate the rationality of 
the SOC prediction value, and perform real-time inspection and correction of the original 
output of the LSTM. 

Additionally, given that current information is required for output limiting, the im-
pacts of current sensor noise or zero drift must be taken into account. Through the analysis 
of battery current time-series data, it is found that the absolute current value exceeds 10−3 
A when the battery is in an operating state, whereas the current magnitude is on the order 
of 10−4 A during the resting state. Accordingly, a current threshold judgment mechanism 
is established: the battery is deemed to be in the resting state when the absolute current 
value is less than 10−3 A, and the current is set to 0 A in such cases. 

Take the LSTM trained under the DST condition to predict the data under the US06 
condition at 25 °C as an example. Overall, the LSTM can predict the SOC trend and quickly 
respond and approach the true value in the initial stage. In the position marked by the red 
ellipse in Figure 7, it can be observed from the current change (blue line) that the first half 
of this position is the charging part (current > 0 A), and the second half is the static part 
(current = 0). In the second half, the current is 0 A, so the battery is in the rest stage, and 
the SOC during this period should remain unchanged (the black line is horizontal). How-
ever, according to the LSTM prediction result (orange line), the SOC is predicted to de-
crease during this period, suggesting that the battery is discharging. Clearly, the LSTM 
prediction for this segment is inaccurate, indicating an error in the qualitative analysis of 
the battery state, specifically, an error in the qualitative assessment of whether the SOC 
value increases, decreases, or remains the same. In the first half, the current is greater than 
0 A, indicating that the battery is in the charging state, and the true SOC of the battery 
should be in the rising state (the slope of the black line is greater than 0). At this time, the 
SOC value predicted by the LSTM is indeed rising, and there is no qualitative error in the 
battery SOC value. However, the true SOC value does not rise as much as the LSTM pre-
dicted value. It can be seen from the true SOC value that the slope of the black line is only 
slightly greater than 0, indicating that the LSTM may have quantitative analysis errors 
even when the qualitative analysis is correct in battery SOC prediction. This is also one of 
the sources of LSTM prediction errors. Therefore, it is necessary to start from the output 
layer and add a certain output limitation to enhance the accuracy and stability of SOC 
prediction. 
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Figure 7. SOC prediction performance of LSTM model under US06 conditions at 25 °C. 

The limitation process of the output layer is shown in Table 1. 

Table 1. Output layer limitation process. 

Step Name Description 

1 Input Initial Values 
Input the LSTM predicted value at time t (𝑆𝑂𝐶௧୐), battery operating current at time t 
(𝐼௧), predicted SOC value at time t − 1 (𝑆𝑂𝐶t ି1), sampling frequency (∆t = 1 s), battery 
capacity (C), and compensation factor (λ). 

2 Qualitative Analysis 

• If (𝑆𝑂𝐶௧୐ − 𝑆𝑂𝐶t ିଵ) × 𝐼௧ > 0, proceed to step 3 (Quantitative analysis); 
• If (𝑆𝑂𝐶௧୐ − 𝑆𝑂𝐶t ିଵ) × 𝐼௧ ≤ 0, replace the predicted value at time t with the pre-
dicted value at the previous time, i.e., 𝑆𝑂𝐶௧ = 𝑆𝑂𝐶௧ିଵ, proceed to step 4 (Output pre-
dicted value). 

3 Quantitative Analysis 
• If  ห𝑆𝑂𝐶௧୐ − 𝑆𝑂𝐶t ିଵห > |𝐼௧ × ∆𝑡|/𝐶, set 𝑆𝑂𝐶௧ = 𝑆𝑂𝐶௧ିଵ + (𝐼௧ × ∆𝑡)/𝐶 × 𝜆; 
• If  ห𝑆𝑂𝐶௧୐ − 𝑆𝑂𝐶t ିଵห ≤ |𝐼௧ × ∆𝑡|/𝐶, set 𝑆𝑂𝐶௧ = 𝑆𝑂𝐶௧ିଵ. 

4 Output Predicted Value Output 𝑆𝑂𝐶௧ as the final predicted SOC value at time t. 

To minimize the prediction error in LSTM output, it is essential to perform a qualita-
tive analysis of the LSTM prediction results to confirm that the output value aligns with 
the charge–discharge or static state. Assume the sampling frequency is denoted as ∆t. For 
SOC prediction at any given time, such as time t, based on the SOC value at that time t 
(𝑆𝑂𝐶௧୐) predicted by LSTM, the predicted value at the previous moment (𝑆𝑂𝐶t ି1), and the 
battery operating current at time t ( 𝐼௧ ), evaluate the sign of the product of value ห𝑆𝑂𝐶௧୐ − 𝑆𝑂𝐶t ି1ห and current 𝐼௧. If the product is positive, it indicates that the LSTM pre-
diction is qualitatively correct, i.e., the predicted SOC change is in the same direction as 
the current direction. Specifically, when the current is positive, the battery is charged, and 
the SOC rises, so the predicted value of LSTM at time t should be greater than the pre-
dicted value at the previous time. When the current is negative, the battery discharges and 
the SOC decreases, so the predicted value of LSTM at time t should be less than that at the 
previous time. If the product is negative, this indicates that the LSTM prediction is quali-
tatively incorrect. At this point, the predicted value of LSTM at time t is deemed incorrect, 
and the predicted value at the previous time is used to replace it. 

After qualitatively correcting the LSTM output, quantitative analysis is performed 
on the output. After the LSTM output meets the qualitative requirements, evaluate 
whether the variation of the predicted SOC value at time t relative to the predicted SOC 
value at time t − 1 (i. e. , ห𝑆𝑂𝐶௧୐ − 𝑆𝑂𝐶t ିଵห) is greater than the ratio of the capacity variation 
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within ∆t at time t to the total battery capacity (i. e. , |𝐼௧ × ∆𝑡|/𝐶). If not, replace the current 
predicted value with the predicted value at the previous time; if yes, the current predicted 
SOC value (𝑆𝑂𝐶௧) is obtained by adding |𝐼௧ × ∆𝑡|/𝐶 to the predicted SOC value at the 
previous time (𝑆𝑂𝐶௧ିଵ). Since there is a case where the predicted SOC value at the previ-
ous time is directly assigned to the current time as the predicted SOC value for output in 
the above process, the predicted value at the previous time has accumulated a certain 
error. A compensation factor λ is introduced here and multiplied by |𝐼௧ × ∆𝑡|/𝐶 to com-
pensate for the SOC error. At the same time, an optimal value of λ needs to be determined, 
and PSO is adopted to optimize λ in this paper. 

In Figure 7, the purple curve represents the prediction results after applying the out-
put-limiting strategy (denoted as SOC_LO). As highlighted by the red ellipse, the output 
results now conform to the physical characteristics of the battery’s operating current, with 
predicted values much closer to the true values. Two key correction effects of physical 
constraints are clearly reflected: 

• In the latter half of the region marked by the red ellipse, the battery operating current 
is 0 A (resting state). The original LSTM predictions exhibited SOC fluctuations that 
violated the electrochemical principle (SOC should remain stable during resting pe-
riods), while the purple curve (with physical constraints) maintains a horizontal 
trend, effectively correcting this qualitative deviation. 

• In the first half of the marked region, although the original LSTM predictions aligned 
with the qualitative trend of the limit output strategy, they failed to meet quantitative 
requirements (i.e., the magnitude of SOC change did not match the current change 
amplitude). The purple curve adjusts this deviation by reducing the slope of SOC 
variation, ensuring consistency between the prediction increment and the actual cur-
rent change. 

2.5. EKF Filtering 

By incorporating the averaged voltage as an additional input feature, the LSTM 
learns the internal nonlinear mapping of the battery. While a physics constraint strategy 
is applied to correct outputs that deviate from basic electrochemical and physical princi-
ples, the predictions at this stage still exhibit limited dynamic tracking capability and re-
main susceptible to noise. To further improve accuracy and enhance noise robustness, an 
EKF is employed as a dynamic optimizer, connected to the output of the “FI + LSTM + 
LO” framework (i.e., the LSTM_FILO model). 

The initial prediction from the LSTM_FI model serves as the initial value of the state 
prediction equation. Through adaptive adjustment of the Kalman gain, a probabilistically 
weighted fusion is performed between the data-driven output and EKF estimate. This in-
tegration strengthens the model’s dynamic tracking performance, capability, provides 
confidence support for the safety decision-making of the BMS, and further refines the state 
prediction framework that combines physical insight, data-driven learning, and filtering 
techniques. 

The EKF is applied to smooth the output of the LSTM_FILO model, and the state-
space representation is described as follows: 

State equation: 

1
1 1 1( , (3))

3600
k

k k k k
I tx f x u x
C

ω ω−
− − −= +

×
+ × Δ= +  (5)

where state-space vector: 𝑥 = [𝑆𝑂𝐶] ; initial SOC value: 𝑆𝑂𝐶଴ = 𝑆𝑂𝐶଴୐ୗ୘୑ _୊୍ ; 𝑢 =[𝑉,𝑉, 𝐼,𝑇]; u(3) denotes I, the battery operating current (with positive values for charging 
and negative values for discharging); 𝐶 is the standard battery capacity; ∆𝑡 is the data 
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sampling frequency; 𝜔~𝑁 (0,𝑄) is Gaussian process noise, and Q is related to the acqui-
sition accuracy and noise of the sensor. 

Observation equation: 

( ) LSTM_FILO( )k k ky h u v u v= + = +  (6)

where LSTM_FILO() is the prediction result of the LSTM_FILO model; 𝑣~𝑁(0,𝑅) is Gauss-
ian measurement noise, and R is related to the accuracy and fluctuation of the LSTM_FILO 
output. 

EKF prediction (time update) phase: 

• Predict the future state (a priori): 1| |ˆ ˆk k k k kx Ax Bu+ = + . 

• Predict the error covariance: 1| |
ˆ ˆ T
k k k k kP AP A Q+ = + . 

EKF correction (measurement update) phase: 

• Calculate the Kalman gain: 1
k+1 k+1|k 1| 1= ( )T T

k k kK P C CP C R −
+ ++ . 

• Update the estimation with measurements (a posteriori): 

1| 1 1| 1 1 1|ˆ ˆ ˆ( )k k k k k k k kx x K y Cx+ + + + + += + − . 

• Update the error covariance: 1| 1 1 1|
ˆ (1 )k k k k kP K C P+ + + += − . 

where 𝐴 = [1],𝐵 = [0, 0, ௱௧஼×ଷ଺଴଴ , 0],𝐶 = [డ௙(௫ೖషభ,௨ೖషభ(ଷ))డௌை஼ ] = [1]. The error covariance matrix 
P represents the magnitude of the state estimation error of LSTM_FI. 

2.6. Model Framework and Parameter Settings 

This paper incorporates the averaged voltage as an augmented input feature and ap-
plies physics constraints to the LSTM output layer to achieve high-precision SOC estima-
tion. The overall workflow, including the model vectors and the detailed procedures of 
feature introduction and output limitation, is illustrated in Figure 8. For the input time-
series data of voltage (V), current (I), and temperature (T), the averaged voltage (𝑉ሜ ) is first 
computed over a defined window. The averaged voltage sequence, together with the orig-
inal voltage, current, and temperature data, forms the input dataset fed into the LSTM 
network. Subsequently, the trained network processes the data and outputs the predicted 
SOC (𝑆𝑂𝐶௧௅) to the output limitation module. Within this module, the instantaneous cur-
rent 𝐼௧ and an optimized correction factor λ are used to adjust the predicted SOC value, 
yielding the refined output of the LSTM_FILO model 𝑆𝑂𝐶௧. This result serves as the ob-
servation input to an EKF. 

The initial Ah value for the EKF state prediction equation is derived from the 
LSTM_FI model. The Kalman gain is adaptively adjusted to achieve a probabilistically 
weighted fusion between the data-driven model output and the EKF. This integration en-
hances the model’s dynamic tracking capability and improves overall prediction accuracy. 

In the feature introduction stage, incorporating averaged voltage as an input feature 
involves computing the average value over a predefined window, which can lead to var-
iable input sequence lengths. To address this, if the prediction time step is shorter than 
the window size, the model directly calculates and utilizes the averaged voltage within 
the prediction time step. This design enables the model to capture both the real-time op-
erating state from instantaneous voltage measurements and the overall charge–discharge 
capacity reflected by the averaged voltage. 
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Figure 8. LSTM-EKF model flowchart. 

Moreover, the hyperparameter configuration of the LSTM network significantly in-
fluences prediction accuracy. Regarding the number of hidden layers, too few layers may 
limit the model’s ability to learn complex nonlinear relationships and deep time depend-
encies in the data, resulting in underfitting with high training and test errors. Conversely, 
an excessively deep network can exacerbate gradient vanishing or explosion issues, hin-
der convergence, and be more prone to memorizing noise in the training data rather than 
learning general patterns, resulting in poor performance on the test set and significantly 
extended training and prediction times. For battery SOC prediction, although deep LSTM 
networks may benefit from extremely long and complex sequences, the dependency rela-
tionships in SOC sequences typically do not require a very deep network structure. 

With respect to the number of hidden units, an insufficient number restricts the 
model’s “memory capacity”, impairing its ability to capture rich information and complex 
patterns in the input sequence and causing underfitting; an excessively large number, 
however, raises the risk of overfitting and reduces generalizability to unseen data. The 
sequence length is also a crucial parameter, indicating the number of consecutive time 
steps in a single LSTM input sample. Too short a sequence may deprive the model of 
sufficient historical context for accurate predictions, while an overly long sequence could 
introduce irrelevant or outdated information, thereby degrading performance. 

The hyperparameter settings used for the LSTM network in this study are summa-
rized in Table 2. 

Table 2. Hyperparameters of LSTM network. 

Type Hyperparameter Value 

Network Structure 
Number of Hidden Layers 1 
Number of Hidden Units 32 

Data Structure 

Time Series Length 200 
Sampling Frequency 1 s 

Input Data Normalization Range [−1, 1] 
Output Layer Activation Function Sigmoid 

Optimizer Adam 

Training Process 

Initial Learning Rate 0.01 
Minimum Batch Size 64 

Number of Training Epochs 500 
Loss Function MSE 
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3. Dataset and Evaluation Criteria 
3.1. Dataset 

To simulate the dynamic response, energy consumption economy, and durability of 
the battery in real scenarios from different dimensions, three representative standard driv-
ing conditions are selected for simulation and test analysis, namely DST, FUDS, and US06. 
The DST condition was originally developed by the United States Advanced Battery Con-
sortium (USABC), which simulates frequent and severe power changes of vehicles in 
states such as acceleration, cruising, deceleration, and braking energy recovery. This pa-
per uses the data collected under the DST condition as the training dataset. FUDS is 
mainly used to simulate the driving state of vehicles in typical urban road environments, 
serving as one of the basic conditions for fuel economy and emission certification, and an 
important basis for electric vehicle range calibration (such as EPA range). It is character-
ized by low speed and frequent starts and stops: the maximum speed is about 90 km/h, 
and the average speed is low (about 31.5 km/h), including acceleration, deceleration, idle 
speed, and low-speed cruising conditions, fully reflecting the characteristics of urban con-
gested road conditions. US06 aims to simulate aggressive driving and high-speed road 
conditions, characterized by high speed (maximum speed 129 km/h, average speed 77.9 
km/h) and high intensity: it has extremely high requirements for the peak power output 
of the powertrain, which can quickly expose the performance bottlenecks and thermal 
management problems of batteries, motors, or engines under extreme demand. Therefore, 
the data collected under FUDS and US06 conditions are used as the test dataset to evaluate 
the SOC estimation performance of the proposed model. 

The experimental dataset utilized in this paper originates from the public dataset of 
the Center for Advanced Life Cycle Engineering (CALCE) at the University of Maryland. 
This dataset was acquired by subjecting A123 batteries to cyclic loading under three con-
ditions: DST, FUDS, and the US06 driving cycle, at temperatures of 0 °C, 10 °C, 20 °C, 25 
°C, 30 °C, 40 °C, and 50 °C, respectively. This battery is manufactured by A123 Systems, 
LLC, USA. 

The detailed parameters of A123 batteries are shown in Table 3. 

Table 3. Parameters of A123 battery. 

Battery Parameter Specification (Value) 
Nominal Capacity 1100 mAh 
Battery Material LiFePO4 

Size 18 × 65 mm 
Cut-off Voltage 2.0–3.6 V 

Nominal Voltage 3.2 V 

Charging Current 0.5 C (standard charging), 
1.0 C (fast charging) 

Standard Charging Method 0.5 C constant current charging to 3.6 V, then constant volt-
age charging at 3.6 V until the charging current ≤ 0.05 C 

Figure 9 shows the voltage, current, temperature, and reference SOC values obtained 
under cyclic loading conditions of DST, FUDS, and US06 at 25 °C. 
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Figure 9. DST, FUDS and US06 data at 25 °C: (a) DST; (b) FUDS; (c) US06; (d) reference SOC. 

Since the activation functions used in the core components (various gates) of LSTM 
are Sigmoid [0, 1] and Tanh [−1, 1], it is necessary to normalize the input data to the range 
matching these activation functions, i.e., [−1, 1], to accelerate model convergence, improve 
training efficiency, and enhance model stability and generalization ability. This paper uses 
min-max normalization to map the battery measurement data (voltage, current, tempera-
ture, and average voltage) to the range of [−1, 1]. The equations used for the activation 
functions and normalization are as follows: 
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where 𝑥௠௔௫ and  𝑥௠௜௡ are the maximum and minimum values of the measured variables 
in the dataset, respectively; 𝑥௧ is the original value; 𝑥௡௢௥௠ is the corresponding normal-
ized value, which is the actual input data of the network. 

3.2. Evaluation Criteria 

RMSE and MAE are common evaluation metrics for regression problems, which 
evaluate model performance by measuring the difference between estimated values and 
actual values. This paper uses these two metrics to evaluate the performance of the pro-
posed model. The calculation methods of the evaluation metrics are as follows: 

*

1

1MAE
N

k k
k
y y

N =

= −  (10)

* 2

1

1RMSE ( )
N

k k
k

y y
N =

= −  (11)

where 𝑦௞ is the reference SOC, and 𝑦௞∗ is the estimated SOC. 
Regarding the reference SOC, it is calculated by the Coulomb counting method. Alt-

hough the Coulomb counting method is prone to be affected by the inaccurate initial SOC 
and the accumulated error induced by sensors, its use for obtaining SOC reference values 
is justified. Specifically, when a battery is fully charged in accordance with standardized 
charging procedures, its initial SOC can be considered 100%. Furthermore, the influence 
of current sensors is negligible under a single-cycle operating condition [48,49]. 

The formula of the Coulomb counting method is as follows: 

1
01

03600
ttt

t
SOC SOC Idt

C
η

×
= +   (12)

where: 𝜂: battery charge–discharge efficiency; 𝐶: battery capacity, unit: Ah; 𝐼: current, unit: A. 

4. Results and Discussion 
4.1. Prediction Results of Feature Introduction 

In this section, we evaluate the SOC estimation performance of the LSTM_FI model 
with the introduced averaged voltage feature. According to the hyperparameters listed in 
Table 2, the LSTM network was trained on data from the DST cyclic condition and vali-
dated on data from the FUDS and US06 cyclic conditions. The reference SOC values were 
obtained by the Coulomb counting method. 

With the average voltage window size k set to 50, the prediction results under various 
operating conditions and different temperatures are shown in Figures 10 and 11. In the 
Figures 10a and 11a, the black line represents the real SOC value; the blue line represents 
the LSTM predicted value and its absolute error compared to the true value; the orange 
line represents the LSTM_FI predicted value and its absolute error compared to the true 
value; the gray horizontal dash line represents SOC = 0. 

The specific k value used in this study was determined by systematically comparing 
the SOC estimation performance under different average-voltage window sizes, as sum-
marized in Table 4. 
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(a) (b) 

Figure 10. Prediction results of LSTM_FI (k = 50) under FUDS condition. (a) Optimal case: results at 
25 °C; (b) average RMSE and MAE of prediction results for LSTM and LSTM_FI (k = 50) at various 
temperatures. 

   
(a) (b) 

Figure 11. Prediction results of LSTM_FI (k = 50) under US06 condition. (a) Optimal case: results at 
20 °C; (b) average RMSE and MAE of prediction results for LSTM and LSTM_FI (k = 50) at various 
temperatures. 

Table 4. Results of feature introduction at different k values. 

Validation 
Set 

Temperature 
(°C) 

LSTM LSTM_FI (k = 25) LSTM_FI (k = 50) LSTM_FI (k = 75) 
MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

FUDS 

0 3.21% 4.30% 3.67% 4.98% 2.93% 3.74% 3.76% 4.89% 
10 3.34% 4.17% 2.88% 3.72% 2.87% 3.85% 2.94% 3.65% 
20 2.87% 3.90% 2.82% 3.76% 2.64% 3.55% 3.34% 4.51% 
25 2.81% 3.83% 2.85% 3.75% 2.57% 3.46% 2.60% 3.27% 
30 3.15% 4.13% 2.93% 3.88% 2.73% 3.75% 2.59% 3.28% 
40 3.34% 4.42% 2.97% 3.99% 2.74% 3.76% 2.54% 3.27% 
50 3.39% 4.47% 3.00% 4.07% 3.00% 3.97% 2.65% 3.46% 

US06 

0 5.25% 6.95% 4.21% 5.42% 3.99% 5.05% 3.72% 4.78% 
10 3.29% 4.40% 3.61% 5.09% 2.60% 3.38% 3.30% 4.17% 
20 2.99% 4.10% 3.25% 4.65% 2.40% 3.23% 2.47% 3.35% 
25 2.70% 3.61% 2.88% 3.86% 2.60% 3.51% 3.08% 4.16% 
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30 2.93% 3.77% 3.01% 4.13% 2.46% 3.29% 2.63% 3.49% 
40 3.11% 3.98% 3.00% 4.17% 2.65% 3.53% 2.58% 3.39% 
50 2.74% 3.80% 3.02% 4.09% 2.86% 3.76% 2.93% 3.85% 

Average 3.22% 4.27% 3.15% 4.25% 2.79% 3.70% 2.94% 3.82% 
The boldfaced data in the table denote the temperature corresponding to the optimal prediction 
performance among different temperatures (0, 10, 20, 25, 30, 40, 50 °C) for the same prediction model 
under identical operating conditions. 

The results indicate that the LSTM model is capable of capturing the overall trend of 
SOC, demonstrating its ability to learn the internal characteristics of the battery from the 
operating current, voltage, and temperature data. However, when the current changes 
abruptly under cyclic loading conditions, the predicted SOC exhibits increased fluctua-
tions. This effect is more obvious under the FUDS condition than under US06. Unlike the 
US06 schedule, which simulates steady high-speed driving, the FUDS profile represents 
typical urban driving with frequent acceleration, deceleration, idling, and start–stop 
events. Consequently, the current output under FUDS is more variable, thus leading to 
rapid changes in battery voltage and ultimately increasing the volatility of SOC predic-
tions. 

Compared to the baseline LSTM, the LSTM_FI model with the averaged voltage as 
an additional input (k = 25, 50, 75) has improved SOC estimation results in terms of both 
MAE and RMSE. This confirms that adding the averaged voltage to the input features of 
the LSTM network is a simple, effective, and physically meaningful feature engineering 
strategy, significantly enhancing the accuracy, smoothness, and robustness of SOC esti-
mation. 

By comparing the average MAE and RMSE of LSTM_FI across different window 
sizes, it is evident that k = 50 yields better prediction performance, achieving an average 
MAE of 2.79% and an average RMSE of 3.7%. Compared to the baseline LSTM using only 
the three original input features (V, I, T), this represents an improvement of approximately 
13% in both metrics. Therefore, the window size k is set to 50 for the averaged voltage 
feature in the proposed framework. 

4.2. Prediction Results After Limit Output 

In Section 4.1, SOC prediction accuracy was enhanced by introducing additional fea-
tures into the LSTM, enabling the network to better learn the battery’s internal character-
istics. This section focuses solely on investigating the impact of the output limitation strat-
egy on SOC prediction. The input to the LSTM remains the three directly measured vari-
ables: current, voltage, and temperature. Data from the DST cycling condition are again 
used as the training set, while data from the FUDS and US06 cycling conditions serve as 
the validation set. Reference SOC values are still obtained via the Coulomb counting 
method. 

Since the limit output strategy introduces a correction factor λ to compensate for ac-
cumulated prediction errors, the optimization process and results of this factor are exam-
ined. First, set the parameters of PSO and initialize the particle swarm, and place the limit 
output strategy in the main PSO loop. Then, combine the MAE and RMSE of the predic-
tion results relative to the reference SOC value into an optimization objective with equal 
weights, which serves as the fitness objective function of the particles. Finally, update the 
particle positions continuously to find the optimal value. 

Taking the prediction process under the US06 condition at 25 °C as an example, Table 
5 shows the parameter settings of PSO. 
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Table 5. Parameter settings of PSO. 

Type Hyperparameter Value 

Particle Parameter Setting 

Number of Particles 20 
Initial Inertia Weight 0.9 

Minimum Inertia Weight 0.4 
Individual Learning Factor  2 

Group Learning Factor 2 

Boundary Setting 
Maximum Boundary Value 5 
Minimum Boundary Value 0.1 

Optimization Process Setting 
Maximum Number of Iterations 50 

Particle Fitness 0.5 × MAE + 0.5 × 
RMSE 

The final gbest value of λ obtained through PSO is 1.0139. 
Taking the SOC prediction under the US06 operating condition at 25 °C as an exam-

ple, Figure 12a illustrates the convergence of the correction factor λ during the iterative 
optimization process toward its optimal value (λ = gbest). Figure 12b compares the SOC 
prediction performance achieved with the optimal λ (gbest) against that with other differ-
ent λ values, clearly demonstrating the superior accuracy provided by the best-perform-
ing λ. Herein, the black line represents the real SOC values; the orange, blue, and purple 
lines represent the predicted values of the LSTM_LO model for λ = 0.9, gbest, and 1.1, 
respectively, as well as the corresponding absolute errors between the predictions and the 
true values; The gray horizontal dash line represents SOC = 0. The corresponding evalua-
tion metrics for these prediction results are presented in Table 6. 

  
(a) (b) 

Figure 12. λ optimization process and comparison of the SOC prediction results under different λ 
values (US06 operating condition at 25 °C) (a) The optimization process of λ; (b) The SOC prediction 
results under different λ values. 

Table 6. Evaluation indicators of SOC prediction results at different λ values under US06 condition 
at 25 °C. 

 LSTM_LO_𝝀 = 0.9 LSTM_LO_𝝀 = gbest LSTM_LO_𝝀 = 1.1 
MAE 2.32% 1.03% 1.16% 
RMSE 2.39% 1.28% 1.34% 
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From the results, when the correction factor λ is set to gbest, the SOC prediction re-
sult is relatively better; when λ is set to a value near gbest, the prediction result deviates 
from the reference value. 

When the correction factor λ is set to gbest, the SOC prediction results under various 
conditions and different temperatures are shown in Figures 13 and 14, respectively. In the 
Figures 13a and 14a, the black line represents the real SOC value; the blue line represents 
the LSTM predicted value and its absolute error compared to the true value; the orange 
line represents the LSTM_LO predicted value and its absolute error compared to the true 
value; the gray horizontal dash line represents SOC = 0. 

   
(a) (b) 

Figure 13. Prediction results of LSTM_LO under FUDS condition. (a) Optimal case: results at 25 °C; 
(b) average RMSE and MAE of prediction results for LSTM and LSTM_LO at various temperatures. 

   
(a) (b) 

Figure 14. Prediction results of LSTM_LO under US06 condition. (a) Optimal case: results at 25 °C; 
(b) average RMSE and MAE of prediction results for LSTM and LSTM_LO at various temperatures. 

From the visualization results, incorporating the physics-based constraint strategy 
into the LSTM output significantly improves the smoothness of the predictions and brings 
them closer to the true value. This is because feature introduction essentially adds an ex-
plicit summary of historical information to the LSTM, which reflects the average voltage 
level of the battery over the past time, to learn the complex dynamic nonlinear mapping 
characteristics of the battery during operation. However, the results are still output by the 
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LSTM, so any abrupt changes in the input features can still cause fluctuations in the out-
put. In contrast, the limit output strategy operates directly on the LSTM’s output, and 
constrains the output based on physical rules, thus eliminating the output result fluctua-
tions caused by sudden variations in input features or measurement noise. 

The evaluation metrics for the limit output strategy (LSTM_LO), feature introduction 
strategy (LSTM_FI), and the baseline LSTM are summarized in Table 7. The LSTM_LO 
model achieves an average MAE of 1.55% and an average RMSE of 1.90%. Compared to 
the LSTM_FI model with averaged voltage, this represents an improvement of 44.44% in 
MAE and 48.65% in RMSE. Relative to the LSTM, the improvements are 51.86% in MAE 
and 55.50% in RMSE. 

Table 7. Comparison of results between limit output strategy, feature introduction strategy, and 
LSTM. 

Validation Set Temperature 
(°C) 

LSTM LSTM_FI k = 50 LSTM_LO 
MAE RMSE MAE RMSE MAE RMSE 

FUDS 

0 3.21% 4.30% 2.93% 3.74% 1.92% 2.29% 
10 3.34% 4.17% 2.87% 3.85% 2.47% 2.96% 
20 2.87% 3.90% 2.64% 3.55% 1.94% 2.43% 
25 2.81% 3.83% 2.57% 3.46% 1.43% 1.69% 
30 3.15% 4.13% 2.73% 3.75% 1.53% 1.93% 
40 3.34% 4.42% 2.74% 3.76% 1.58% 1.95% 
50 3.39% 4.47% 3.00% 3.97% 1.58% 1.88% 

US06 

0 5.25% 6.95% 3.99% 5.05% 1.29% 1.52% 
10 3.29% 4.40% 2.60% 3.38% 1.18% 1.50% 
20 2.99% 4.10% 2.40% 3.23% 1.64% 2.11% 
25 2.70% 3.61% 2.60% 3.51% 1.03% 1.28% 
30 2.93% 3.77% 2.46% 3.29% 1.33% 1.57% 
40 3.11% 3.98% 2.65% 3.53% 1.48% 1.78% 
50 2.74% 3.80% 2.86% 3.76% 1.32% 1.71% 

Average 3.22% 4.27% 2.79% 3.70% 1.55% 1.90% 
The boldfaced data in the table denote the temperature corresponding to the optimal prediction 
performance among different temperatures (0, 10, 20, 25, 30, 40, 50 °C) for the same prediction model 
under identical operating conditions. 

4.3. Prediction Results of Synergistic Feature Introduction and Limit Output 

In Sections 4.1 and 4.2, the effects of feature introduction and limit output alone were 
analyzed separately. Feature introduction incorporates the averaged voltage with a win-
dow size of 50 as an additional feature input into the LSTM network, providing a slowly 
time-varying signal that reflects the overall charge–discharge state of the battery over a 
period of time. This reduces the model’s difficulty in extracting the remaining battery ca-
pacity from fluctuating voltage measurements and ultimately improves the SOC predic-
tion accuracy of the LSTM. The limit output strategy applies a filter based on fundamental 
electrochemical physics to the raw LSTM output, performing real-time validation and cor-
rection. A PSO-optimized correction factor λ is introduced to compensate for accumulated 
error. 

This section applies both strategies synergistically to the LSTM network, forming the 
integrated LSTM_FILO model. The averaged voltage, together with the real-time voltage, 
current, and temperature, are fed into the LSTM. The resulting output is then processed 
by the limit output strategy to produce the final predicted SOC. The prediction results 
demonstrate the combined effect of feature introduction and limit output under different 
operating conditions and temperatures are shown in Figures 15 and 16, respectively. In 
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the Figures 15a and 16a, the black line represents the real SOC value; the blue line, orange 
line and purple line represent the predicted values of the models LSTM_FI, LSTM_LO and 
LSTM_FILO, as well as their absolute errors from the real values, respectively; the gray 
horizontal dash line represents SOC = 0. 

  
(a) (b) 

Figure 15. Prediction results of LSTM_FILO under FUDS condition. (a) Optimal case: results at 25 
°C; (b) average RMSE and MAE of prediction results for LSTM_FI, LSTM_LO, and LSTM_FILO at 
various temperatures. 

  
(a) (b) 

Figure 16. Prediction results of LSTM_FILO under US06 condition. (a) Optimal case: results at 10 
°C; (b) average RMSE and MAE of prediction results for LSTM_FI, LSTM_LO, and LSTM_FILO at 
various temperatures. 

Table 8 presents the evaluation metrics of the combined prediction results. It can be 
observed that when feature introduction and limit output are applied synergistically to 
the LSTM, the prediction accuracy is further enhanced compared to either strategy ap-
plied individually. Moreover, the prediction accuracy shows some variation in MAE and 
RMSE across different temperatures under the same operating condition. This variation 
is attributed to the significant temperature dependence of the battery’s internal imped-
ance. Nevertheless, the overall error of the combined model remains within an acceptable 
range, with average MAE and RMSE of 1.14% and 1.41%, respectively. Compared to the 
model using only feature introduction, this represents an improvement of 59.41% in MAE 
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and 61.89% in RMSE. Relative to the model using only limit output, the improvements are 
26.45% in MAE and 27.79% in RMSE. 

Table 8. Comparison of prediction results between limit output strategy, feature introduction, and 
synergistic approach. 

Validation Set 
Temperature 

(°C) 
LSTM_FI LSTM_LO LSTM_FILO 

MAE RMSE MAE RMSE MAE RMSE 

FUDS 

0 2.93% 3.74% 1.92% 2.29% 1.18% 1.53% 
10 2.87% 3.85% 2.47% 2.96% 1.53% 1.82% 
20 2.64% 3.55% 1.94% 2.43% 1.45% 1.78% 
25 2.57% 3.46% 1.43% 1.69% 1.11% 1.46% 
30 2.73% 3.75% 1.53% 1.93% 1.22% 1.58% 
40 2.74% 3.76% 1.58% 1.95% 1.34% 1.71% 
50 3.00% 3.97% 1.58% 1.88% 1.26% 1.64% 

US06 

0 3.99% 5.05% 1.29% 1.52% 0.91% 1.12% 
10 2.60% 3.38% 1.18% 1.50% 0.64% 0.82% 
20 2.40% 3.23% 1.64% 2.11% 0.87% 1.01% 
25 2.60% 3.51% 1.03% 1.28% 0.97% 1.10% 
30 2.46% 3.29% 1.33% 1.57% 1.19% 1.39% 
40 2.65% 3.53% 1.48% 1.78% 1.19% 1.47% 
50 2.86% 3.76% 1.32% 1.71% 1.05% 1.35% 

Average 2.79% 3.70% 1.55% 1.90% 1.14% 1.41% 
The boldfaced data in the table denote the temperature corresponding to the optimal prediction 
performance among different temperatures (0, 10, 20, 25, 30, 40, 50 °C) for the same prediction model 
under identical operating conditions. 

4.4. Prediction Results of LSTM_FILO_EKF 

In Section 4.3, the LSTM network was synergistically enhanced by integrating both 
the feature introduction and limit output strategies, leading to improved SOC prediction 
accuracy. However, the model still exhibited limitations in dynamic tracking capability 
and noise robustness. To further enhance accuracy and suppress noise, this subsection 
employs an EKF as a filter to process the output of the LSTM_FILO model, achieving a 
probabilistically weighted fusion of the data-driven model output and the EKF. This 
forms a state prediction model LSTM_FILO_EKF, integrating physical information, data-
driven methods, and filtering, with detailed implementation steps provided in Section 2.5. 

The prediction results of the proposed LSTM_FILO_EKF model under different op-
erating conditions and temperatures are presented in Figures 17 and 18, respectively. In 
the Figures 17a and 18a, the black line represents the real SOC value; the blue line, orange 
line and purple line represent the predicted values of the models LSTM_LO, LSTM_FILO 
and LSTM_FILO_EKF, as well as their absolute errors from the real values, respectively; 
the gray horizontal dash line represents SOC = 0. 
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(a) (b) 

Figure 17. Prediction results of LSTM_FILO_EKF under FUDS condition. (a) Optimal case: results 
at 25 °C; (b) average RMSE and MAE of prediction results for LSTM, LSTM_FILO, and 
LSTM_FILO_EKF at various temperatures. 

   
(a) (b) 

Figure 18. Prediction results of LSTM_FILO_EKF under US06 condition. (a) Optimal case: results at 
20 °C; (b) average RMSE and MAE of prediction results for LSTM, LSTM_FILO, and 
LSTM_FILO_EKF at various temperatures. 

Table 9 presents the evaluation metrics of the final prediction results from the pro-
posed LSTM_FILO_EKF model across various temperatures in the validation set. The re-
sults demonstrate that applying the EKF to filter the output of the combined feature in-
troduction and limit output strategies further enhances prediction accuracy and dynamic 
tracking capability. The model achieves an MAE of 0.46% and an RMSE of 0.56%, corre-
sponding to an improvement of 59.65% in MAE and 60.28% in RMSE compared to the 
synergistic LSTM_FILO model, as well as an improvement of 85.71% in MAE and 86.89% 
in RMSE relative to the single LSTM baseline. 

Table 9. Result comparison of LSTM_FILO_EKF model. 

Validation 
Set 

Temperature 
(°C) 

LSTM LSTM_FILO LSTM_FILO_EKF 
MAE RMSE MAE RMSE MAE RMSE 

FUDS 
0 3.21% 4.30% 1.18% 1.53% 0.53% 0.69% 

10 3.34% 4.17% 1.53% 1.82% 0.53% 0.65% 
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20 2.87% 3.9% 1.45% 1.78% 0.54% 0.69% 
25 2.81% 3.83% 1.11% 1.46% 0.46% 0.60% 
30 3.15% 4.13% 1.22% 1.58% 0.50% 0.64% 
40 3.34% 4.42% 1.34% 1.71% 0.51% 0.64% 
50 3.39% 4.47% 1.26% 1.64% 0.50% 0.63% 

US06 

0 5.25% 6.95% 0.91% 1.12% 0.41% 0.49% 
10 3.29% 4.40% 0.64% 0.82% 0.42% 0.50% 
20 2.99% 4.10% 0.87% 1.01% 0.36% 0.43% 
25 2.70% 3.61% 0.97% 1.10% 0.38% 0.46% 
30 2.93% 3.77% 1.19% 1.39% 0.43% 0.49% 
40 3.11% 3.98% 1.19% 1.47% 0.41% 0.47% 
50 2.74% 3.80% 1.05% 1.35% 0.45% 0.51% 

Average 3.22% 4.27% 1.14% 1.41% 0.46% 0.56% 
The boldfaced data in the table denote the temperature corresponding to the optimal prediction 
performance among different temperatures (0, 10, 20, 25, 30, 40, 50 °C) for the same prediction model 
under identical operating conditions. 

For benchmarking, the performance of the proposed model is compared against sev-
eral established methods, including PIMNN [50], LSTM_RNN [34], Transformer [45], 
RFORC_LSTM [34], and LSTM&UKF [51]. The reported evaluation metrics represent the 
average values under two operating conditions at each temperature. As shown in Table 
10, the proposed LSTM_FILO_EKF model outperforms other baseline models in the key 
evaluation metrics across the evaluated temperature range. 

Table 10. Performance comparison between the proposed LSTM_FILO_EKF model and other base-
line methods. 

Validation 
Set 

Temperature 
(°C) 

PIMNN 
LSTM_ 

RNN Transformer 
RFORC_ 

LSTM LSTM&UKF 
LSTM_FILO_ 

EKF 
MAE RMSE RMSE RMSE RMSE MAE RMSE MAE RMSE 

FUDS 

0 1.97% 2.70% 3.87% 1.81% 1.26% — — 0.53% 0.69% 
10 — — 3.19% 1.34% 1.33% — — 0.53% 0.65% 
20 2.05% 2.60% 2.33% 2.69% 1.11% — — 0.54% 0.69% 
25 — — 2.06% 1.14% 1.13% — — 0.46% 0.60% 
30 — — 1.72% 1.18% 0.99% — — 0.50% 0.64% 
40 — — 1.37% 1.47% 0.89% — — 0.51% 0.64% 
50 — — 1.29% 3.27% 0.96% — — 0.50% 0.63% 

US06 

0 1.58% 1.99% 3.94% 2.80% 1.56% 0.63% 0.73% 0.41% 0.49% 
10 — — 3.11% 2.56% 1.19% 0.21% 0.29% 0.42% 0.50% 
20 1.48% 2.35% 2.43% 1.99% 1.01% 0.97% 1.11% 0.36% 0.43% 
25 — — 2.25% 2.21% 0.91% 0.82% 0.93% 0.38% 0.46% 
30 — — 2.05% 2.71% 1.02% 0.81% 0.92% 0.43% 0.49% 
40 — — 1.61% 2.10% 0.92% 0.89% 1.03% 0.41% 0.47% 
50 — — 1.40% 1.84% 0.82% 0.93% 1.06% 0.45% 0.51% 

Average 1.77% 2.41% 2.33% 2.08% 1.08% 0.75% 0.86% 0.46% 0.56% 
The boldfaced data in the table denote the temperature corresponding to the optimal prediction 
performance among different temperatures (0, 10, 20, 25, 30, 40, 50 °C) for the same prediction model 
under identical operating conditions. 

5. Conclusions 
This paper proposes a synergistic model that integrates feature introduction and 

limit output strategies with an LSTM network, followed by EKF smoothing, to address 
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the challenge of accurate SOC estimation for lithium-ion batteries across varying temper-
atures and operating conditions. By transforming real-time voltage measurements within 
a defined window into an averaged voltage feature, a slowly varying signal is supplied to 
the LSTM input, enabling the model to capture the overall charge–discharge state of the 
battery from fluctuating voltage data. Furthermore, a physics-guided post-processing 
strategy is applied to the LSTM output to correct both qualitative and quantitative devia-
tions of the data-driven prediction that violate electrochemical principles. Specifically, it 
addresses anomalies such as inconsistencies between the direction of SOC changes and 
the direction of battery current, as well as mismatches between the magnitude of SOC 
changes and the amplitude of current variation, thereby achieving more accurate and re-
liable SOC estimation. Finally, the refined SOC is used as the observation input to an EKF, 
enhancing the model’s dynamic tracking capability. 

Trained on data from the DST operating profile at temperatures of 0 °C, 10 °C, 20 °C, 
25 °C, 30 °C, 40 °C, and 50 °C, the proposed model achieves an average MAE of 0.46% and 
an average RMSE of 0.56% when predicting battery SOC under other operating conditions 
(FUDS, US06) at the same temperatures. The results demonstrate that the proposed model 
maintains robust performance across different temperatures and drive cycles. Moreover, 
it requires no additional sensors to acquire supplementary battery features and exhibits 
low memory usage, facilitating its practical deployment in BMS. 

The synergy of introducing the averaged voltage feature at the input and applying 
physics-based constraints at the output not only compensates for the limitations of purely 
data-driven methods in modeling the internal nonlinear characteristics of batteries but 
also corrects predictions that are inconsistent with physical laws, guided by fundamental 
electrochemical principles. This synergistic design embodies the “physics-constrained” 
innovation of the research, ensuring that the predictions are both numerically accurate 
and physically interpretable. By incorporating EKF-based fusion, which probabilistically 
weights the data-driven outputs with the filter estimate, the model’s dynamic tracking 
performance is further improved. The proposed framework provides an effective tech-
nical pathway for state estimation under a unified “physical information-data-driven-fil-
ter fusion” paradigm, enabling accurate SOC estimation of lithium-ion batteries in multi-
ple operational scenarios. 
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BMS Battery Management System 
SOC State of Charge 
OCV Open-Circuit Voltage 
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FF-RLS Recursive Least Square with Forgetting Factor 
EWMA Exponentially Weighted Moving Average 
PID Proportional Integral Differential 
AEKF Adaptive Extended Kalman Filter 
P2D Pseudo-Two-Dimensional 
ECM Equivalent Circuit Model 
OCVN Open-Circuit Voltage Noise 
LSTM Long Short-Term Memory 
TCN Temporal Convolutional Network  
GRU Gated Recurrent Unit 
WOA Whale Optimization Algorithm 
RF Random Forest 
RMSE Root Mean Square Error 
MAE Mean Absolute Error 
SOH State of Health 
CNN Convolutional Neural Network 
SVR Support Vector Regression 
EKF Extended Kalman Filter 
DST Dynamic Stress Test 
US06 US06 High-Speed Driving Schedule 
FUDS Federal Urban Driving Schedule 
NMC Nickel Manganese Cobalt 
ACKF Adaptive Cubature Kalman Filter 
AUKF Adaptive Unscented Kalman Filter 
FI Feature Introduction 
LO Limit Output 
PSO Particle Swarm Optimization 
RNN Recurrent Neural Network 
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