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Abstract

The efficient operation of lithium-ion battery management systems (BMSs) depends on
accurate state-of-charge (SOC) estimation. However, the performance of conventional
model-based SOC estimation methods may progressively worsen owing to parameter
uncertainty and nonlinear battery dynamics. This study proposes a hybrid SOC estimation
framework termed DO-EKFRes, comprising two sequential stages. In the first stage, the
process and measurement-noise covariance matrices are optimized offline using a data-
driven strategy. In the second stage, a Bidirectional Long Short-Term Memory (BiLSTM)
residual learning network is employed to compensate for the remaining SOC estimation
errors. The proposed framework was evaluated using two complementary validation
protocols: a synthetic Monte Carlo experiment and a Leave-One-Battery-Out (LOBO)
cross-validation framework based on the NASA Prognostics Center of Excellence (PCoE)
lithium-ion battery dataset. In the synthetic validation, DO-EKFRes achieved an RMSE
of 0.803%, corresponding to reductions of 48.83% and 26.84% relative to the EKF and
DO-EKF, respectively. In the NASA LOBO evaluation, the proposed framework achieved
a macro-averaged RMSE of 11.534%, corresponding to reductions of 49.25% and 9.68%
relative to the EKF and DO-EKF, respectively. These results demonstrate that integrating
offline covariance optimization with BiLSTM-based residual learning improves estimation
accuracy, robustness, and cross-battery generalization, providing a practical solution for
lithium-ion battery SOC estimation in battery management systems.

Keywords: lithium-ion battery; state-of-charge estimation; battery management system;
extended Kalman filter; residual learning; bidirectional long short-term memory

1. Introduction
Lithium-ion (Li-ion) batteries are widely employed in electric vehicles, portable elec-

tronic devices, and stationary energy storage systems because of their high energy density,
extended cycle life, and favorable electrochemical characteristics [1–3]. Their increasing
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deployment across diverse applications has made BMSs indispensable for maintaining bat-
tery safety, operational reliability, and efficient energy utilization under varying operating
conditions [4,5].

State-of-charge (SOC) estimation is a key function of BMSs, providing critical informa-
tion for battery supervision, charge control, and energy management. Therefore, achieving
accurate SOC estimation is essential for ensuring reliable battery operation, mitigating
overcharge and over-discharge, and prolonging battery service life [6].

SOC represents the remaining charge stored inside a battery relative to its nominal ca-
pacity [2,7,8]. However, SOC cannot be measured directly using physical sensors and must
instead be estimated from measurable quantities such as terminal voltage and current [9].
Accurate SOC estimation remains challenging because Li-ion batteries exhibit highly non-
linear dynamics and time-varying characteristics influenced by temperature variations,
aging, and operating conditions [10,11]. To overcome these challenges, a wide range of SOC
estimation frameworks has been developed [7,8], which can generally be classified into
several categories: direct, model-based, data-driven, and hybrid frameworks [12]. Figure 1
illustrates the taxonomy of these frameworks.

Figure 1. Taxonomy of SOC estimation including direct, model-based, data-driven, and hybrid
estimation frameworks.

Conventional direct techniques, such as Coulomb counting and open-circuit voltage
methods, are computationally efficient but suffer from error accumulation and limited
against sensor noise [2,13,14]. To overcome these limitations, model-based methods em-
ploying equivalent circuit models (ECMs) have attracted considerable attention in recent
years [6,9,15].

Among the model-based approaches, Kalman-filter-based methods have been ex-
tensively investigated for battery SOC estimation [16] owing to their recursive structure,
physical interpretability, and relatively low computational cost [6,9]. Various filtering
frameworks, including the Extended Kalman Filter (EKF), Unscented Kalman Filter (UKF),
and particle filters have been proposed for battery state estimation [11,17]. The EKF has
demonstrated satisfactory estimation performance under moderate operating conditions
by combining equivalent circuit models with real-time battery measurements [6]. How-
ever, the estimation accuracy of EKF-based approaches remains strongly dependent on
the appropriate selection of the process-noise covariance matrix Q and the measurement-
noise covariance matrix R [15,18]. In practical applications, the covariance matrices are
commonly selected manually to remain constant throughout the battery lifetime. Conse-
quently, inaccurate covariance selection may lead to estimation bias, slow convergence, and
performance degradation under varying operating conditions [19]. To overcome the limita-
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tions associated with the manual tuning of the process and measurement-noise covariance
matrices, several adaptive Kalman filtering techniques have been developed to improve
the adaptability of conventional Kalman filters [13,14]. Representative approaches include
dual-estimation frameworks, multi-innovation filtering strategies, Sage–Husa adaptive fil-
tering, and maximum-likelihood-based covariance adaptation [9,11,20,21]. Although these
methods improve estimation performance and robustness under varying operating condi-
tions, they remain limited by the structural modeling errors introduced by reduced-order
equivalent circuit models [10,20].

Data-driven approaches have also emerged as an effective alternative for battery SOC
estimation [3,22]. Deep learning architectures, including artificial neural networks (ANNs),
recurrent neural networks (RNNs), and long short-term memory (LSTM) networks, have
demonstrated strong capability in learning the nonlinear relationship between battery
measurements and SOC [23,24].These methods estimate SOC directly from measured data
without requiring explicit electrochemical models. However, their performance often
degrades under unseen operating conditions, limiting their generalization capability. In
addition, they lack the physical interpretability and recursive state-estimation capability
inherent to Kalman-filter-based methods.

Consequently, recent research has increasingly focused on hybrid SOC estimation
frameworks that combine physical battery models with data-driven learning algorithms.
Xing et al. [25] integrated a dual-EKF with a neural-network-based compensation model to
reduce the residual estimation error. Hybrid frameworks combining data-driven models
with Kalman-filter-based correction have also been reported in [26,27], while Yun et al. [28]
developed a hybrid model-based and data-driven framework for electric-vehicle batteries.

More recently, Sun et al. [29] proposed an LSTM-EKF framework enhanced by feature
engineering and physics-based output constraints, achieving average RMSE values below
0.6% under different operating temperatures. Similarly, Peng et al. [30] developed a hybrid
PID-AEKF framework for LiFePO4 batteries with estimation errors below 3%, while Jiang
et al. [31] integrated an adaptive UKF with deep learning models to improve estimation
robustness under different operating conditions. Besides, Transformer-based architectures
have also been investigated for capturing long-range temporal dependencies in battery
SOC estimation [32].

From another perspective, hybrid frameworks that combine recursive Kalman filtering
with deep learning have recently demonstrated improved estimation accuracy by exploiting
the strengths of model-based and data-driven approaches [33–36].

Overall, the literature demonstrates a clear evolution from conventional model-based
estimation methods toward adaptive and hybrid learning-based frameworks [12]. Never-
theless, several challenges remain unresolved. Conventional filtering methods preserve
physical interpretability but remain sensitive to parameter uncertainties, modeling errors,
and nonlinear disturbances, whereas hybrid frameworks improve estimation accuracy
at the expense of increased model complexity and limited generalization capability. Fur-
thermore, most adaptive and hybrid approaches continue to rely on manually tuned or
heuristically determined measurement covariance matrices, while the residual modeling
errors introduced by reduced-order equivalent circuit models are rarely addressed within
the same estimation framework. In addition, most validation studies are performed using
data collected from the same battery cells under different operating cycles, providing
limited evidence of cross-cell generalization. These limitations motivate the development
of more adaptive and generalizable SOC estimation frameworks.

Motivated by these challenges, this study proposes a hybrid DO-EKFRes framework
for lithium-ion battery SOC estimation. The proposed method first identifies the process
and measurement-noise covariance matrices offline through data-driven optimization,
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resulting in a Data-Optimized Extended Kalman Filter (DO-EKF). A Bidirectional Long
Short-Term Memory (BiLSTM) network with an attention mechanism is then employed
to learn and compensate for the structured residual estimation error remaining after DO-
EKF correction, rather than relearning the complete nonlinear SOC mapping. The main
novelty lies in the sequential integration of covariance-optimized model-based filtering
with residual deep learning, where the DO-EKF provides a physically informed baseline
and the BiLSTM selectively learns the remaining estimation error. This design aims to im-
prove estimation accuracy and generalization while retaining the computationally efficient
recursive structure of the underlying filter. The proposed framework is evaluated using
both a controlled synthetic Monte Carlo experiment and the NASA PCoE dataset under a
Leave-One-Battery-Out (LOBO) validation protocol to assess its estimation accuracy and
generalization capability across different battery cells and degradation conditions.

2. Materials and Methods
Figure 2 presents the workflow of the proposed framework, consisting of four main

stages: data preparation, model development, validation, and performance evaluation.
Initially, the battery datasets are preprocessed through parameter identification and feature
extraction. Subsequently, a Data-Optimized Extended Kalman Filter (DO-EKF) is employed
to estimate the battery SOC using offline optimized process and measurement-noise co-
variance matrices. The remaining estimation error is then learned by BiLSTM network
to compensate for the residual modeling error and improve the final SOC estimate. The
proposed framework is evaluated using two validation protocols. A controlled Monte
Carlo synthetic dataset and Leave-One-Battery-Out (LOBO) cross-validation protocol is
employed on the NASA PCoE battery dataset [37]. The estimation performance is finally
quantified using RMSE and compared with EKF and DO-EKF-based frameworks.

Figure 2. Experimental pipeline adopted to train, validate, and evaluate the SOC estimation frame-
works using both synthetic simulations and the NASA battery dataset.

2.1. Battery Model

The electrical behavior of the Li-ion battery is modeled using a first-order ECM,
which offers an effective balance between computational efficiency and real-time state
estimation performance. As illustrated in Figure 3, the first-order ECM comprises an
open-circuit voltage (OCV) source, an ohmic resistance R0, and an RC polarization branch
consisting of the resistor R1 and capacitor C1. To account for temperature variations, a
linear compensation term is incorporated into the OCV–SOC relationship. The battery state
vector is defined as

xk =
[
SOCk Vrc,k

]⊤
, (1)
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where SOCk denotes the battery state of charge and Vrc,k represents the polarization voltage
across the RC branch. The discrete-time state equations are expressed as

SOCk+1 = SOCk −
∆t

Qeff × 3600
Ik + w1,k, (2)

Vrc,k+1 = αVrc,k + (1 − α)R1 Ik + w2,k, (3)

α = exp
(
− ∆t

R1C1

)
, (4)

Qeff is the effective battery capacity, and wk = [w1,k, w2,k]
⊤ ∼ N (0, Q) denotes the

process-noise vector.
The corresponding terminal voltage is modeled as

Vk = OCV(SOCk)− Vrc,k − R0 Ik + kT(Tk − Tref) + vk, (5)

where kT denotes the temperature compensation coefficient, Tref is the reference tempera-
ture, and vk ∼ N (0, R) represents the measurement noise.

Figure 3. First-order equivalent circuit model adopted for battery state estimation.

For the controlled synthetic benchmark, the battery model was defined using a set of
nominal reference parameters rather than identified from the generated signals. The nomi-
nal battery capacity was set to Qnom,ref = 2.0 Ah, with R0,ref = 0.018 Ω, R1,ref = 0.012 Ω,
and C1,ref = 2500 F. The reference temperature was set to Tref = 25 ◦C, and the temperature
coefficient of the OCV was kT = 3.5 × 10−4 V/◦C. The OCV–SOC relationship was defined
using a predefined lookup table.

The effective ECM parameters were subsequently determined as functions of battery
SOH and temperature. Specifically, R0 and R1 were adjusted according to temperature
deviation from Tref and SOH-dependent aging factors, whereas C1 and Qeff were adjusted
according to SOH and low-temperature conditions. The resulting parameters were con-
strained within predefined physical ranges during the synthetic data generation.

To evaluate the robustness of the estimator against modeling uncertainty, a deliberately
perturbed ECM was used by the EKF and DO-EKF. The estimator parameters were obtained
from the reference model using predefined scaling factors of 0.88, 1.18, and 0.82 for R0,
R1, and C1, respectively. In addition, the temperature coefficient was scaled by 0.65, and a
smooth bias was introduced into the OCV–SOC relationship. These controlled discrepancies
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were intentionally introduced to generate structured model mismatch between the reference
battery and the estimator.

More specifically, the estimator OCV–SOC relationship was perturbed using the
smooth bias function

bOCV(SOC) = 0.008 sin(πSOC)− 0.006(SOC − 0.5), (6)

such that
OCVest(SOC) = OCVref(SOC) + bOCV(SOC). (7)

The nominal reference parameters and dependent coefficients used in the synthetic
battery model are summarized in Appendix A.

2.2. Dataset and Experimental Setup

To comprehensively evaluate the proposed DO-EKFRes framework, two datasets are
employed. A synthetic dataset is first generated under controlled operating conditions to
assess the estimation performance in the presence of parameter variations and measurement
uncertainties. Subsequently, the NASA Prognostics Center of Excellence (PCoE) battery
dataset is used to evaluate the proposed framework under realistic battery aging conditions.
The overall experimental protocol is summarized in Figure 2.

2.2.1. Synthetic Data Generation

A synthetic battery dataset is generated using the first-order ECM described in
Section 2.1. The synthetic data generation procedure is summarized in Algorithm 1. For
each Monte Carlo scenario, the ECM is used to generate the battery states and terminal volt-
age, producing synchronized time-series measurements of current, voltage, temperature,
SOC, and SOH. The resulting synthetic dataset is randomly divided into 80% and 20% sub-
sets for model development and final validation, respectively. Specifically, the 150 Monte
Carlo scenarios are divided into 120 development scenarios (80%) and 30 independent
final-validation scenarios (20%). The 120 development scenarios are further divided into
96 training scenarios and 24 internal-validation scenarios. The dataset generation and
splitting protocol is illustrated in Figure 4.

Algorithm 1 Synthetic dataset generation and dataset splitting.

Require: Number of Monte Carlo scenarios NMC = 150, simulation length N = 900
Ensure: Development dataset Ddev and final validation dataset Dval

1: for i = 1 to NMC do
2: Randomly initialize the battery conditions (SOC0, SOH0, Tamb).
3: Generate a dynamic current profile of length N = 900.
4: Simulate the battery states and terminal voltage using the first-order ECM.
5: Add measurement noise and sensor bias to the simulated signals.
6: Store the generated time-series data {Ik, Vk, Tk, SOCk, SOHk}900

k=1.
7: end for
8: Randomly shuffle the 150 generated scenarios using a fixed random seed.
9: Assign 80% (120 scenarios) to Ddev.

10: Assign 20% (30 scenarios) to the independent final validation set Dval.
11: Use only Ddev for model development and internal validation.
12: Keep Dval completely unseen during model development.
13: return Ddev,Dval

https://doi.org/10.3390/wevj17090447
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Figure 4. Synthetic dataset splitting and protocol for training and final evaluation.

2.2.2. NASA Prognostics Center of Excellence (PCoE) Dataset

To evaluate the proposed framework under realistic battery degradation conditions,
experiments are conducted using the NASA PCoE lithium-ion battery dataset [37]. The
dataset contains accelerated aging experiments performed on commercial 18650 lithium-ion
cells under repeated charge-discharge cycles.

Four battery cells (B0005, B0006, B0007, and B0018) are selected in this study, compris-
ing a total of 636 charge-discharge cycles and 185,721 preprocessed time-series samples.
The battery measurements include terminal voltage, current, temperature providing a com-
prehensive benchmark for validating battery state estimation algorithms. For the reference
SOC was constructed offline from the measured discharge current using Coulomb counting.
Further details of the reference SOC construction are provided in Appendix D.

2.2.3. LOBO Cross-Validation

The generalization capability of the proposed framework is evaluated using a LOBO
cross-validation protocol. During each validation fold, one battery cell is completely
excluded from the model development process and used exclusively for testing, while the
remaining three battery cells are used for training and validation.

To optimize the model parameters, the available training batteries are chronologically
divided according to the charge-discharge cycles, where 80% of the cycles are used for
model fitting and the remaining 20% are reserved for validation and hyperparameter
selection. This evaluation protocol ensures that the testing battery remains entirely unseen

https://doi.org/10.3390/wevj17090447
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during model training, providing a rigorous assessment of the estimation accuracy and
cross-cell generalization capability under different degradation conditions.

2.3. Data-Optimized Extended Kalman Filter (DO-EKF)

The proposed DO-EKF extends the conventional EKF by employing offline data-
driven optimization of the process-noise covariance matrix Q and the measurement-noise
covariance R. Accordingly, the proposed framework identifies the optimal process and
measurement-noise covariance matrices using the training data and subsequently employs
the optimized matrices during online inference.

2.3.1. Extended Kalman Filter

The EKF recursively estimates the battery state by combining the first-order ECM with
the measured battery voltage and current. The nonlinear state-space model is expressed as

xk = f (xk−1, Ik−1) + wk−1, (8)

yk = h(xk, Ik) + vk, (9)

where xk denotes the battery state vector, Ik is the measured battery current, and yk is
the measured terminal voltage. The nonlinear functions f (·) and h(·) represent the state-
transition and measurement models, respectively.

Where wk ∼ N (0, Q) and vk ∼ N (0, R) denote the process and measurement noise,
respectively. Here, Q and R denote the process-noise covariance matrix and measurement-
noise covariance matrix, respectively.

The prediction step is given by

x̂k|k−1 = f (x̂k−1|k−1, Ik−1), (10)

Pk|k−1 = Fk−1Pk−1|k−1F⊤
k−1 + Q, (11)

where x̂k|k−1 is the predicted state estimate and Pk|k−1 is the predicted state-error covari-
ance matrix.

Fk−1 =
∂ f
∂x

∣∣∣∣
x̂k−1|k−1

. (12)

Here, Fk−1 denotes the Jacobian matrix of the state-transition function.
The correction step is performed according to

Kk = Pk|k−1H⊤
k

(
HkPk|k−1H⊤

k + R
)−1

, (13)

where Hk is the measurement Jacobian matrix and Kk is the Kalman gain.

x̂k|k = x̂k|k−1 + Kk

(
yk − h(x̂k|k−1, Ik)

)
, (14)

where yk − h(x̂k|k−1, Ik) represents the measurement innovation (residual).

Pk|k = (I − KkHk)Pk|k−1. (15)

Here, Pk|k denotes the updated state-error covariance matrix, and I is the
identity matrix.

The definitions of the main variables and parameters used in the EKF formulation are
provided in Appendix C.
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2.3.2. Process- and Measurement-Noise Covariance Optimization

The estimation accuracy of the EKF depends on the appropriate selection of the process-
noise covariance matrix Q and the measurement-noise covariance matrix R. In the proposed
DO-EKF, these covariance parameters are optimized offline using the training scenarios and
subsequently fixed during inference. As illustrated in Figure 5, the optimization procedure
searches for the covariance parameters that minimize the SOC estimation error on the
training data. The parameters are optimized in the logarithmic domain to ensure positive
values during the optimization process, as follows:

θ =
[
log QSOC log QVrc log R

]⊤
. (16)

The covariance matrices were then obtained from

Q(θ) =

[
exp(θ1) 0

0 exp(θ2)

]
, (17)

and

R(θ) = exp(θ3). (18)

The initial optimization vector was set to θ(0) = [−11.5,−16.1,−7.6]. For each op-
timization iteration, the SOC estimation error was evaluated over the selected training
scenarios. The gradient of the objective function with respect to each element of θ was
estimated using a forward finite-difference approximation with a perturbation of 10−4.

The covariance parameters were updated using an Adam-type optimization scheme
with a learning rate of 0.035, β1 = 0.9, β2 = 0.999, and ϵ = 10−8. A maximum of
160 optimization epochs was allowed. The optimized parameters were evaluated using
an independent validation subset after each epoch, and the parameter set producing the
lowest validation RMSE was retained. Early stopping was applied when the validation
RMSE did not improve by more than 10−6 for 25 consecutive epochs.

The optimized covariance matrices obtained from the reported experiment were
subsequently fixed and used during the DO-EKF inference stage. The resulting optimal
covariance parameters obtained from the training process for the synthetic and NASA
PCoE experiments are provided in Appendix F.

Figure 5. Optimization workflow of the process-noise covariance matrix Q and the measurement-
noise covariance matrix R for the DO-EKF.
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2.3.3. Proposed DO-EKF Residual Learning Network

The proposed DO-EKFRes framework consists of two sequential stages. The first stage
employs the Data-Optimized Extended Kalman Filter (DO-EKF) to provide a physics-based
SOC estimate, whereas the second stage utilizes a Bidirectional Long Short-Term Memory
(BiLSTM) network to compensate for the residual estimation error.

The DO-EKF is obtained by first optimizing the process and measurement-noise
covariance matrices, Q and R, using the training data. Following this offline optimization,
the EKF operates with the optimized covariance matrices without further online covariance
adaptation. The resulting estimator is referred to as DO-EKF. The overall workflow of the
proposed DO-EKF is illustrated in Figure 6.

Figure 6. Workflow of the proposed Data-Optimized Extended Kalman Filter (DO-EKF).

As illustrated in Figure 6, the optimized covariance matrices Q and R are first obtained
offline by minimizing the SOC estimation error. During online operation, the measured
current, terminal voltage, and temperature are used in the prediction and correction steps of
the EKF. The predicted state is corrected using the voltage innovation and the corresponding
Kalman gain, after which the updated state and covariance are fed back to the next time step.
The resulting SOC estimate is subsequently used as the input to the residual learning stage.

The residual learning stage is illustrated in Figure 7. The residual network employs
a two-layer BiLSTM architecture, with 32 hidden units in each direction, resulting in
64 features after forward–backward concatenation at each layer.

The output of the BiLSTM encoder is passed to a fully connected regression head
consisting of Dense(128), ReLU, Dense(64), ReLU, and Dense(1) layers, followed by a
hyperbolic tangent activation. The predicted residual is subsequently constrained using a
clipping operation to ensure a physically valid correction range.

Regarding the BiLSTM hyperparameters, a sliding-window length of 100 samples
and a learning rate of 10−4 were selected. It is important to highlight that the BiLSTM
architecture and key hyperparameters were determined through sensitivity analysis us-
ing ablation experiments. The selected configuration provided near-optimal estimation
accuracy without introducing unnecessary computational complexity. Further details of
the ablation experiments are provided in Appendix E. The results also show that the per-
formance variations across the tested configurations are relatively small, indicating that

https://doi.org/10.3390/wevj17090447
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the proposed residual learning framework is not highly sensitive to moderate changes in
these hyperparameters.

For training the selected BiLSTM, the network receives a causal sequence of battery-
related features and learns the residual between the DO-EKF estimate and the reference
SOC. The input at each time step consists of 14 features, including the measured current,
terminal voltage, temperature, DO-EKF SOC estimate, DO-EKF RC-voltage estimate, bat-
tery model parameters, and nominal capacity. The complete set of input features is listed
and described in Appendix B.

SOH is calculated causally for each discharge cycle using the capacity of the most
recently completed cycle:

SOHc =
Qc−1

Qnom
(19)

SOHc denotes the State of Health used as an input for cycle c, Qc−1 is the capacity of
the most recently completed discharge cycle, and Qnom is the nominal battery capacity.

Figure 7. Residual learning framework of the proposed DO-EKFRes, showing the feature extraction,
BiLSTM-based residual estimation, and final SOC correction.

The residual target is defined as the difference between the reference SOC and the
corresponding DO-EKF estimate,

rk = xtrue
k − x̂DO

k , (20)

where xtrue
k denotes the reference SOC and x̂DO

k is the SOC estimated by the DO-EKF.
Consequently, the BiLSTM is trained to learn the remaining estimation error that cannot
be captured by the model-based estimator. To exploit the temporal dependency of battery
dynamics, a sliding window of length L is constructed for each sampling instant,

Xk = [fk−L+1, fk−L+2, . . . , fk] ∈ RL×14, (21)

where fk denotes the 14-dimensional feature vector at time step k. The resulting feature
sequence is processed by BiLSTM network to identify the most informative temporal
features for residual estimation [36,38,39]. The predicted residual correction is subsequently
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added to the DO-EKF estimate to obtain the final SOC estimate as shown in Equation (22),
where r̂k denotes the residual correction predicted by the BiLSTM network.

x̂DO-EKFRes
k = x̂DO

k + r̂k, (22)

For BiLSTM a maximum of 60 training epochs was used. The learning rate was
adaptively reduced using a ReduceLROnPlateau scheduler with a patience of 5 epochs, a
reduction factor of 0.5, and a minimum learning rate of 10−5. Early stopping was applied
based on the validation residual RMSE with a patience of 15 epochs, and the model state cor-
responding to the lowest validation residual RMSE was retained for subsequent evaluation.

This hybrid formulation preserves the physical consistency of the DO-EKF while
compensating for the remaining nonlinear modeling errors through data-driven residual
learning. The bidirectional structure allows the network to capture temporal dependen-
cies from both directions within the available window, while the attention mechanism
emphasizes the most informative time steps for residual estimation. Therefore, the network
focuses on learning the structured error remaining after model-based filtering rather than
relearning the complete nonlinear mapping between battery measurements and SOC. This
residual learning formulation is also consistent with recent studies that have demonstrated
the effectiveness of BiLSTM-based and hybrid deep learning architectures for battery
SOC estimation [14]. Compared with a conventional unidirectional LSTM or GRU, the
selected architecture provides a suitable representation for the window-based residual
correction task.

In the same context, Transformer-based architectures provide an alternative mech-
anism for modeling long-range dependencies and have recently been applied to battery
SOC estimation [32]; however, their higher architectural complexity is not necessary for
the relatively short, fixed-length residual windows considered in this study. Accordingly,
BiLSTM with attention was selected as a compact temporal residual correction model that
complements the model-based DO-EKF rather than replacing it.

2.4. Evaluation Performance

To quantitatively compare all evaluated frameworks, the estimation accuracy was
assessed using the root mean square error (RMSE) and mean absolute error (MAE), defined
as follows:

RMSE =

√√√√ 1
N

N

∑
k=1

(
ŜOCk − SOCk

)2
, (23)

MAE =
1
N

N

∑
k=1

∣∣∣ŜOCk − SOCk

∣∣∣, (24)

where N denotes the total number of samples, ŜOCk is the estimated SOC, and SOCk is the
corresponding reference SOC. RMSE is more sensitive to large estimation errors, whereas
MAE provides the average magnitude of the estimation error.

For LOBO evaluation, the cycle-level RMSE is first averaged over all available dis-
charge cycles for each held-out battery b:

RMSEb =
1

Nb

Nb

∑
c=1

RMSEb,c, (25)
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where Nb denotes the number of evaluated discharge cycles for battery b. The final LOBO
performance is then obtained using a battery-level macro-average:

RMSELOBO =
1
B

B

∑
b=1

RMSEb, (26)

where B = 4 is the number of batteries included in the LOBO evaluation. Thus, each
battery contributes equally to the final aggregated result, independent of its number of
available cycles.

2.5. Comparative Performance Analysis

A statistical analysis was conducted to evaluate the significance of the performance dif-
ferences among the proposed DO-EKFRes, DO-EKF, and standard EKF under the synthetic
Monte Carlo benchmark. Following established best practices for statistical comparison of
algorithms [40], the Friedman test was first performed to determine whether statistically
significant differences existed among the three estimation methods [41]. Kendall’s coeffi-
cient of concordance (W) was subsequently computed to quantify the degree of agreement
among the model rankings across validation scenarios [42,43].

To identify specific differences between methods, post hoc pairwise comparisons were
performed using the Wilcoxon signed-rank test [44,45]. To control the family-wise error
rate arising from multiple comparisons, the Holm–Bonferroni correction was applied to the
resulting p-values [46,47]. Furthermore, the matched-pairs rank-biserial correlation (rrb)
was reported to quantify the effect size of each pairwise comparison, providing a robust
and interpretable measure of the magnitude of the observed performance differences [48].

For the NASA LOBO evaluation, only four battery cells were available for validation,
limiting the statistical power of the pairwise comparisons. Therefore, the NASA results
are discussed primarily to demonstrate the generalization capability of the proposed
framework on real-world battery data under the LOBO protocol, whereas the inferential
statistical analysis is based on the synthetic Monte Carlo experiments.

3. Results and Discussion
3.1. Synthetic Monte Carlo Evaluation

The proposed DO-EKFRes framework was first evaluated using 30 independent Monte
Carlo validation scenarios generated under controlled model mismatch and measure-
ment uncertainty.

Figure 8 presents the RMSE obtained for each validation scenario using the EKF, DO-
EKF, and the proposed DO-EKFRes. Across the 30 validation Monte Carlo scenarios, the
EKF exhibited the largest estimation errors due to the intentionally introduced mismatch
between the estimator model and the true battery dynamics. Offline optimization of the
process and measurement-noise covariance matrices consistently produced a more compact
RMSE distribution, demonstrating that appropriate covariance selection enhances the EKF
under modeling uncertainties. However, residual errors remained because the ECM cannot
fully represent the nonlinear battery behavior.

The proposed DO-EKFRes further reduced the estimation error across nearly all valida-
tion scenarios while exhibiting the narrowest RMSE distribution. By learning the residual
estimation error from temporal battery measurements and filter states, the BiLSTM effec-
tively compensated for the systematic nonlinear modeling errors that remained after offline
covariance optimization. As shown in Figure 9, the proposed framework achieved not
only the lowest mean and median RMSE but also the smallest performance variability,
indicating more accurate and robust SOC estimation under diverse operating conditions.
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Figure 8. Root mean square error (RMSE) across the 30 validation Monte Carlo scenarios for EKF,
DO-EKF, and the proposed DO-EKFRes.

Figure 9. Comparison of validation RMSE distributions for EKF, DO-EKF, and DO-EKFRes. The
colored dots represent individual validation RMSE values, while the diamonds indicate the mean
RMSE for each method.

Quantitatively, the proposed DO-EKFRes achieved the lowest average RMSE of 0.803%,
compared with 1.569% for the conventional EKF and 1.097% for the covariance-optimized
DO-EKF, as illustrated in Table 1. This corresponds to RMSE reductions of 48.8% and
26.8%,respectively. The proposed framework also achieved the lowest MAE of 0.715%,
compared with 1.362% for EKF and 1.002% for DO-EKF. These results demonstrate that the
residual learning stage improves both the average estimation accuracy and the robustness
of SOC estimation across the validation scenarios.

Table 1. Performance comparison of EKF, DO-EKF, and the proposed DO-EKFRes across the 30 syn-
thetic Monte Carlo validation scenarios.

Method RMSE (%) MAE (%) Avg. Rank

EKF 1.569 ± 0.591 1.362 2.90
DO-EKF 1.097 ± 0.482 1.002 1.93
DO-EKFRes 0.803 ± 0.394 0.715 1.17

Bold values indicate the lowest RMSE performance.
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3.2. NASA PCoE Dataset Evaluation

The NASA PCoE dataset was further used to evaluate the generalization capability
of the proposed framework under a leave-one-battery-out (LOBO) evaluation. The com-
position of the dataset is detailed in Table 2. As summarized in Table 3, the proposed
DO-EKFRes consistently achieved the lowest RMSE and MAE across all four held-out bat-
teries. The macro-averaged RMSE decreased from 22.727% for the conventional EKF to
12.770% for DO-EKF and further to 11.534% for the proposed DO-EKFRes.

Compared with the conventional EKF, the proposed framework reduced the macro-
averaged RMSE by 49.25%. More importantly, the residual learning stage provided a further
9.68% reduction in RMSE relative to the covariance-optimized DO-EKF. The improvement
was consistent across all four held-out batteries, with RMSE reductions of 10.75%, 7.42%,
11.30%, and 10.34% over DO-EKF for B0005, B0006, B0007, and B0018, respectively.

The battery-wise results also demonstrate that the proposed framework maintained
its advantage under different battery-specific operating conditions. For example, the RMSE
of B0005 decreased from 21.645% with EKF to 11.554% with DO-EKF and 10.312% with
DO-EKFRes. Similarly, for B0006, the corresponding RMSE values were 26.979%, 16.795%,
and 15.549%. Comparable improvements were obtained for B0007 and B0018. These
results indicate that the residual BiLSTM correction provides an additional benefit beyond
covariance optimization and improves the generalization of the model-based estimator to
previously unseen battery cells.

Table 2. Composition of the NASA PCoE dataset used in the LOBO evaluation.

Battery Number of Cycles Approximate Samples

B0005 168 49,000
B0006 168 49,000
B0007 168 49,000
B0018 132 38,721

Table 3. Battery-wise performance comparison on the NASA dataset under LOBO evaluation.
The RMSE values are reported as the mean ± standard deviation across the time steps of each
evaluated battery.

Battery Method RMSE ± Std. (%) MAE (%)

B0005
EKF 21.645 ± 2.386 18.823

DO-EKF 11.554 ± 1.820 9.838
DO-EKFRes 10.312 ± 1.792 8.463

B0006
EKF 26.979 ± 4.687 23.531

DO-EKF 16.795 ± 4.777 14.530
DO-EKFRes 15.549 ± 4.745 13.254

B0007
EKF 20.085 ± 2.594 17.107

DO-EKF 10.841 ± 1.220 9.120
DO-EKFRes 9.616 ± 1.207 7.803

B0018
EKF 22.198 ± 1.749 19.081

DO-EKF 11.889 ± 1.601 10.056
DO-EKFRes 10.660 ± 1.559 8.721

LOBO Macro
EKF 22.727 ± 2.854 19.636

DO-EKF 12.770 ± 2.355 10.886
DO-EKFRes 11.534 ± 2.326 9.560

Bold values indicate the lowest RMSE performance.
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The performance of the proposed DO-EKFRes on the synthetic dataset differs from that
observed on the unseen NASA batteries, which can be attributed to the different data charac-
teristics and operating conditions of the two evaluation settings. Nevertheless, the smaller
but consistent improvement observed across the unseen NASA batteries suggests that the
residual learning stage provides a complementary correction under cross-battery general-
ization, rather than being restricted to the controlled synthetic model-mismatch conditions.

From another perspective, compared with previous LOBO study [49], the proposed
DO-EKFRes consistently achieves lower RMSE across all evaluated test batteries. While the
previous framework focused on improving the quality of the input signals through wavelet
denoising prior to machine learning, the present work extends this line of research by
improving the estimation process through data-driven covariance optimization followed
by residual error learning. These methodological enhancements contribute to improved
cross-battery generalization under the same LOBO evaluation protocol.

3.3. Comparative Evaluation with Adaptive SOC Estimation Methods

To further assess the practical significance of the proposed framework, its performance
was compared with representative adaptive and machine-learning-based SOC estimation
methods under identical synthetic dataset.

The comparison included the conventional EKF, the proposed covariance-optimized
DO-EKF, the proposed DO-EKFRes, the multi-input extreme learning machine (MI-ELM)
method, and the Sage–Husa adaptive extended Kalman filter (Sage–Husa AEKF) [20,22].
All methods were evaluated using the same 30 synthetic validation scenarios, providing
a consistent basis for quantitative and statistical comparison, based on that the outcome
values maybe not the same outcome reported in previous works [20,22].

As summarized in Table 4, the proposed DO-EKFRes achieved the lowest RMSE and
MAE among all five evaluated methods. The proposed framework achieved lower RMSE
than MI-ELM and Sage–Husa AEKF, which obtained 1.271% and 3.981%, respectively.
The corresponding RMSE reductions were 36.8% relative to MI-ELM and 79.8% relative to
Sage–Husa AEKF. These results demonstrate that the proposed residual correction provides
a substantial improvement over both the model-based benchmarks and the representative
adaptive and machine-learning-based methods.

Table 4. Performance comparison of the evaluated SOC estimation methods on the synthetic val-
idation scenarios. The RMSE values are reported as the mean ± standard deviation across the
30 validation scenarios.

Method RMSE (%) ± Std. Dev. (%) MAE (%) Avg. Rank

EKF 1.569 ± 0.591 1.362 3.67
DO-EKF 1.097 ± 0.482 1.002 2.40

DO-EKFRes 0.803 ± 0.394 0.715 1.33
MI-ELM 1.271 ± 0.267 1.023 2.83

Sage–Husa AEKF 3.981 ± 1.888 3.185 4.77
Bold values indicate the lowest RMSE performance.

Furthermore, the five-way Friedman test confirmed a statistically significant difference
among the evaluated methods (χ2 = 80.7733, p < 0.001). As reported in Table 4, DO-
EKFRes achieved the lowest average rank of 1.33, followed by DO-EKF (2.40), MI-ELM
(2.83), EKF (3.67), and Sage–Husa AEKF (4.77). The lowest Friedman rank of the proposed
framework indicates that it provided the most consistent overall performance across the
30 validation scenarios.

To further assess the pairwise differences, Wilcoxon signed-rank tests with Holm
correction were performed between DO-EKFRes and each benchmark method. The results
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are summarized in Table 5. The proposed framework significantly outperformed EKF,
DO-EKF, MI-ELM, and Sage–Husa AEKF, with Holm-adjusted p-values below 0.001 in all
four comparisons. The corresponding rank-biserial effect sizes were large (|rrb| ≥ 0.824),
indicating that the observed differences were associated with substantial effect sizes.

The statistical results provide further evidence that the improvement introduced by
the residual learning stage is not limited to a difference in average RMSE. In particular,
the comparison between DO-EKF and DO-EKFRes yielded a large rank-biserial effect size
(rrb = 0.940) with a Holm-adjusted p-value of 1.02× 10−6. This result demonstrates that the
BiLSTM residual-correction stage provides a statistically significant improvement beyond
the covariance optimization performed by the DO-EKF. The significant improvement over
MI-ELM and Sage–Husa AEKF further indicates that the proposed sequential model-based
and residual learning formulation provides a competitive alternative to representative
adaptive and machine-learning-based SOC estimation methods.

Table 5. Pairwise statistical comparison of DO-EKFRes with the benchmark SOC estimation methods
using the Wilcoxon signed-rank test with Holm correction.

Comparison RMSE Reduction (%) Effect Size (rrb) Holm-Adjusted p

EKF 48.8 0.987 6.52 × 10−8

DO-EKF 26.8 0.940 1.02 × 10−6

MI-ELM 36.8 0.824 5.47 × 10−5

Sage–Husa AEKF 79.8 1.000 1.86 × 10−8

Figure 10 further illustrates the average Friedman ranking of the five evaluated SOC
estimation methods. DO-EKFRes achieves the lowest average rank of 1.33, followed by
DO-EKF (2.40), MI-ELM (2.83), EKF (3.67), and Sage–Husa AEKF (4.77). This ranking is
consistent with the RMSE and MAE results presented in Table 4 and further supports the
robustness of the proposed framework across the synthetic validation scenarios.

Figure 10. Average Friedman ranks of the five SOC estimation methods across the 30 synthetic
validation scenarios.

3.4. Online Computational Complexity

The measured online computational cost is summarized in Table 6. The proposed DO-
EKFRes required an average of 84.163 ms per validation scenario, corresponding to 93.515 µs
per processed sample. This additional computational cost is mainly associated with the for-
ward propagation of the BiLSTM and attention mechanism over the fixed-length temporal
window. In comparison, the MI-ELM required 2.975 ms per scenario, whereas the conven-
tional EKF and Sage–Husa AEKF required 1565.792 ms and 1416.563 ms, respectively.

https://doi.org/10.3390/wevj17090447

https://doi.org/10.3390/wevj17090447


World Electr. Veh. J. 2026, 17, 447 18 of 28

From another side, the DO-EKF covariance optimization required 2461.557 s offline,
whereas the residual BiLSTM required 72.465 s for training. These operations are performed
offline and are therefore not included in the reported online inference time. Consequently,
the measured 84.163 ms per scenario represents the online inference cost of the complete
DO-EKFRes framework, including the model-based filtering and residual correction stages.

From a practical BMS perspective, the proposed framework provides a trade-off be-
tween estimation accuracy and online computational cost. The physics-based DO-EKF
remains the primary SOC estimator, while the residual BiLSTM processes only the remain-
ing estimation error within a fixed-length temporal window. This sequential formulation
avoids replacing the complete model-based estimator with a computationally intensive
end-to-end deep learning model, while providing substantial improvements in estimation
accuracy. The measured online computational cost and the offline training strategy sup-
port the feasibility of the proposed framework for resource-constrained BMS applications,
subject to the computational resources of the target embedded platform.

Table 6. Measured online computational cost of the evaluated SOC estimation methods during the
synthetic validation experiments.

Method Time/Scenario (ms) Time/Sample (µs) Trainable Parameters

EKF 1565.792 1739.769 0
DO-EKF 0.000607 0.000674 3
DO-EKFRes 84.163 93.515 144,578
Sage–Husa AEKF 1416.563 1573.959 0
MI-ELM 2.975 3.306 200

4. Conclusions
This study proposed a hybrid SOC estimation framework, termed DO-EKFRes, which

combines offline covariance optimization with BiLSTM-based residual learning. The pro-
posed framework preserves the recursive structure of the EKF while compensating for
the remaining nonlinear estimation errors through residual correction, thereby improving
estimation accuracy without increasing the online computational complexity. Furthermore,
DO-EKFRes consistently outperformed the EKF, the DO-EKF, and representative adaptive
filtering methods. The experimental results demonstrated RMSE reductions of up to 16.68%
and 49.2% on the synthetic and NASA datasets, respectively, while statistical analyses
confirmed that these improvements were both statistically and practically significant.

The main significance of the proposed framework lies in the sequential integration of
covariance-optimized model-based filtering with residual deep learning, where the BiLSTM
learns the remaining structured estimation error rather than relearning the complete SOC
mapping. From a practical BMS perspective, the proposed framework eliminates the need
for online covariance adaptation by transferring the optimization process to an offline
stage. Consequently, it maintains a lightweight recursive estimator suitable for resource-
constrained embedded battery management systems while providing improved estimation
robustness and cross-battery generalization. Despite these promising results, two limita-
tions should be acknowledged. First, the synthetic experiments provide controlled and
reproducible evaluation but may not fully capture the complexity of real-world battery oper-
ating conditions. Second, although the NASA PCoE dataset enables cross-battery validation
through the LOBO protocol, additional datasets covering different battery chemistries and
operating conditions would further strengthen the assessment of generalization capability.
These limitations will be addressed in future work through broader experimental validation
under varying temperature, aging, and operating conditions, together with evaluation on
additional battery datasets and real-time BMS platforms.
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Appendix A. ECM Parameters of the Synthetic Battery Data
The ECM reference parameters and the aging- and temperature-dependent coefficients

used in the synthetic battery model are summarized in Table A1.

Table A1. Nominal reference parameters of the synthetic battery ECM.

Parameter Reference Value

Qnom,ref 2.0 Ah
Tref 25 ◦C
R0,ref 0.018 Ω
R1,ref 0.012 Ω
C1,ref 2500 F
kT 3.5 × 10−4 V/◦C
kR0,age 1.10
kR1,age 0.80
kC1,age 0.40
kQ,age 1.15
kR0,lowT 0.030
kR0,highT 0.008
kR1,lowT 0.025
kR1,highT 0.006
kQ,lowT 0.004
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Appendix B. BiLSTM Training Features and Mathematical Formulation
Appendix B.1. Notation

For a discharge cycle (or synthetic scenario) with N time samples indexed by
k = 0, 1, . . . , N − 1 and sampling interval ∆t (s), let the following hold:

• Vk: Measured terminal voltage (V).
• Ik: Measured discharge current (A), positive during discharge.
• Tk: Measured cell temperature (◦C).
• SOCtrue

k : Reference state of charge, obtained from Coulomb counting using the refer-
ence (end-of-cycle) capacity; used only for training target and never as a model input.

• Qnom: Nominal reference capacity (Ah).
• Qc−1: Measured discharge capacity of the previously completed cycle.

At each sample k, the residual learning network receives a feature vector fk ∈ R14

constructed from information available up to and including that sample, thereby ensuring
causality. The 14 features are listed in Table A2. The NASA PCoE data are represented by
raw measurements and derived features, defined as follows:

Table A2. Summary of the 14 features used as input for residual BiLSTM.

No. Feature Type Causal Source

1 Voltage_measured Raw measurement -
2 Current_discharge Raw measurement -
3 Temperature_measured Raw measurement -
4 SOH Cycle-level scalar Previous completed cycle capacity
5 SOH_delta Derived Algebraic function of (4)
6 time_norm Derived Sample index/fixed horizon
7 dV_dt Derived Backward difference of (1)
8 dI_dt Derived Backward difference of (2)
9 discharged_Ah Derived Causal cumulative sum of (2)
10 cumulative_Wh Derived Causal cumulative sum of (1) × (2)
11 R_dyn_approx Derived Ratio of (7)/(8), causally held
12 SOC_DO Model-based (DO-EKF) EKF state update
13 V_EKF_pred Model-based (DO-EKF) EKF measurement model
14 V_EKF_error Model-based (DO-EKF) Innovation = (1) − (13)

Appendix B.2. SOH (Causal State of Health)

SOHc is constant across all samples within cycle c. Critically, it is computed only from
the discharge capacity of the previous, already completed cycle:

SOHc =


1.0, c = 1 (first cycle, nominal initialization),

Qc−1

Qnom
, c > 1.

(A1)

Thus,
f4,k = SOHc. (A2)

Appendix B.3. SOH_delta

A degradation indicator algebraically derived from the causal SOH is as follows:

f5,k = ∆SOHc = 1 − SOHc. (A3)
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Appendix B.4. Time_norm

The normalized elapsed time is defined using the fixed-length sampling protocol:

f6,k =
k

N − 1
. (A4)

For a streaming implementation in which the final cycle duration is not known in
advance, the causal-safe elapsed-time normalization is as follows:

f6,k =
tk − t0

tk − t0 + 1
. (A5)

This form uses only elapsed time available up to sample k.

Appendix B.5. dV_dt and dI_dt

Backward differences are used. At k = 0, the derivatives are initialized to zero:

f7,k =

0, k = 0,
Vk − Vk−1

∆t
, k ≥ 1,

f8,k =

0, k = 0,
Ik − Ik−1

∆t
, k ≥ 1.

(A6)

Appendix B.6. Discharged_Ah

The causal cumulative discharged capacity is as follows:

f9,k = Qdis,k =
1

3600

k

∑
j=0

Ij ∆tj, (A7)

where
∆tj = tj − tj−1, ∆t0 ≡ 0, 0 ≤ ∆tj ≤ 60 s. (A8)

Only samples up to and including k contribute to f9,k.

Appendix B.7. Cumulative_Wh

The causal cumulative discharged energy is as follows:

f10,k = Ek =
1

3600

k

∑
j=0

Vj Ij ∆tj. (A9)

This quantity uses measurements available up to sample k.

Appendix B.8. R_dyn_approx

The dynamic internal resistance is approximated from the two backward-causal gradients:

Rdyn,k = −
f7,k

f8,k
, | f8,k| > 10−4. (A10)

When the current gradient is nearly zero, the resistance estimate is ill-conditioned.
Therefore, the most recent valid causal estimate is held:

f11,k = clip
(

Rdyn,k,−5, 5
)

Ω, (A11)

with the previous valid value carried forward when | f8,k| ≤ 10−4.
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Appendix B.9. DO-EKF Outputs

Features 12,14 are produced by a first-order equivalent-circuit-model (ECM) Extended
Kalman Filter, run online sample by sample using only measurements available up to
sample k.

The filter state is as follows:

xk =

[
SOCk

VRCk

]
. (A12)

Appendix B.9.1. ECM Parameters (SOH- and Temperature-Dependent)

The ECM parameters are as follows:

R0,k = R0,ref gR0(Tk, SOHc), (A13)

R1,k = R1,ref gR1(Tk, SOHc), (A14)

C1,k = C1,ref gC1(Tk, SOHc), (A15)

Qeff,k = Qnom SOH
kQ,age
c gQ(Tk, SOHc). (A16)

The functions gR0, gR1, gC1, and gQ represent the piecewise-linear temperature/aging
correction factors defined by the synthetic ECM parameter model.

Appendix B.9.2. State-Transition Prediction Equations

The RC decay factor is as follows:

αk = exp
(
− ∆t

R1,kC1,k

)
. (A17)

The predicted SOC and RC voltage are as follows:

SOC−
k = clip

(
SOCk−1 −

∆t
Qeff,k 3600

Ik, 0.01, 0.99
)

, (A18)

VRC−
k = αkVRCk−1 + (1 − αk)R1,k Ik. (A19)

The state-transition matrix and predicted covariance are as follows:

Fk =

[
1 0
0 αk

]
, P−

k = FkPk−1F⊤
k + Qk. (A20)

For the adaptive DO-EKF, the process and measurement noise parameters are repre-
sented as follows:

qSOC,k = exp(θ0 + θ3dk), (A21)

qVRC,k = exp(θ1 + θ4dk), (A22)

rk = exp(θ2 + θ5dk), (A23)

where
dk = 1 − SOHc ∈ [0, 1], (A24)

and
Qk = diag(qSOC,k, qVRC,k). (A25)

The parameter vector is as follows:

θ = [θ0, θ1, θ2, θ3, θ4, θ5]
⊤. (A26)
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The parameters are optimized offline using gradient-based optimization on the train-
ing cycles.

Appendix B.9.3. Measurement Voltage Model

The predicted terminal voltage is as follows:

f13,k = VEKF,pred,k = OCV(SOC−
k ) + kT(Tk − Tref)− R0,k Ik − VRC−

k . (A27)

The OCV(·) function is obtained by piecewise-linear interpolation over the fixed
SOC–OCV lookup table.

Appendix B.9.4. Innovation

The Kalman-filter innovation is as follows:

f14,k = VEKF,error,k = Vk − VEKF,pred,k. (A28)

The measurement Jacobian and innovation covariance are as follows:

Hk =

[
d OCV
d SOC

(SOC−
k ) −1

]
, Sk = HkP−

k H⊤
k + rk. (A29)

The Kalman gain is as follows:

Kk = P−
k H⊤

k S−1
k . (A30)

The measurement update is as follows:

xk = x−k + Kk f14,k, (A31)

with
SOCk = clip(SOCk, 0.01, 0.99). (A32)

The covariance update is as follows:

Pk = (I − Kk Hk)P−
k (I − Kk Hk)

⊤ + rkKkK⊤
k . (A33)

The DO-EKF SOC output used as feature 12 is as follows:

f12,k = SOCDO,k. (A34)

Appendix B.10. Residual Target and Final Hybrid Estimate

The residual BiLSTM is trained to predict the remaining DO-EKF estimation error. The
residual target is clipped as follows:

rtarget
k = clip

(
SOCtrue

k − SOCDO,k,−c, c
)
, (A35)

where c denotes the residual clipping bound.
Using a sliding window of W samples, the BiLSTM prediction is as follows:

rk = BiLSTM(fk−W+1, . . . , fk). (A36)

The final hybrid SOC estimate is as follows:

SOCfinal
k = clip(SOCDO,k + rk, 0.01, 0.99). (A37)
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In the implementation, the residual clipping bound is c = 0.03 and the default sliding-
window length is W = 80 samples.

Appendix C. EKF Variables and Parameters
The main variables and parameters used in the EKF formulation are defined in Table A3.

Table A3. Definitions of the main variables and parameters used in the EKF formulation.

Symbol Definition

xk Battery state vector at time k
Ik Measured battery current
Vk Measured terminal voltage
f (·) Nonlinear state-transition function
h(·) Nonlinear measurement function
wk Process noise vector
vk Measurement noise
Q Process-noise covariance matrix
R Measurement-noise covariance
x̂k|k−1 Predicted state estimate
x̂k|k Updated state estimate
Pk|k−1 Predicted state-error covariance
Pk|k Updated state-error covariance
Fk State-transition Jacobian matrix
Hk Measurement Jacobian matrix
Kk Kalman gain
I Identity matrix

Appendix D. Reference SOC Construction from NASA PCoE Data
The reference state of charge (SOC) for the NASA PCoE battery data was constructed

from the measured discharge current using Coulomb counting. The reference SOC at
sampling instant k is calculated as

SOCref
k = SOCref

0 − 1
Qc 3600

k

∑
j=1

Ij∆tj, (A38)

where SOCref
0 denotes the initial SOC of the cycle, Ij is the measured discharge current in

amperes, ∆tj is the time interval between consecutive samples in seconds, and Qc is the
capacity associated with the corresponding discharge cycle in Ah.

The resulting reference SOC is constrained to the physically meaningful range

SOCref
k = clip

(
SOCref

k , 0, 1
)

. (A39)

For consistency with the causal online-estimation protocol, the reference SOC is used
only as the ground-truth target for model training and performance evaluation. It is not
provided as an input feature to the DO-EKF or the residual BiLSTM during SOC estimation.

Appendix E. Ablation and Sensitivity Analysis
Ablation experiments were conducted by varying the sliding-window length, network

architecture, and learning rate to assess the influence of the BiLSTM configuration parame-
ters on the residual correction performance. The evaluation was performed on the same
validation scenarios used for the main synthetic experiment.
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Appendix E.1. Effect of Sliding-Window Length

Table A4. Effect of sliding-window length on the residual correction performance.

Window RMSE (%) Std (%) MAE (%) Best Epoch

50 0.8035 0.3886 0.7126 3
100 0.8025 0.3941 0.7148 1
150 0.8088 0.3842 0.7173 7
200 0.8035 0.3905 0.7140 3

Appendix E.2. Effect of Network Architecture

Table A5. Effect of BiLSTM network architecture on residual correction performance.

Architecture RMSE (%) Std (%) MAE (%) Parameters

1×64 + Attention 0.8129 0.3881 0.7221 45,250
2×32 + Attention 0.8009 0.3915 0.7122 39,554
2×64 + Attention 0.8082 0.3899 0.7185 144,578
2×96 + Attention 0.8026 0.3882 0.7118 315,138

Appendix E.3. Effect of Learning Rate

Table A6. Effect of learning rate on residual correction performance.

Learning Rate RMSE (%) Std (%) MAE (%) Best Epoch

1 × 10−4 0.8004 0.3917 0.7108 2
2 × 10−4 0.8082 0.3899 0.7185 3
5 × 10−4 0.8062 0.3851 0.7140 2
1 × 10−3 0.8114 0.3845 0.7195 2

Note: Bold values indicate the best performance for each metric.

Based on the ablation results, a sliding-window length of 100 samples and a learning
rate of 10−4 provide favorable overall performance. Among the tested architectures, the
2 × 32 BiLSTM with attention achieves the lowest RMSE of 0.8009%. These results support
the selected BiLSTM configuration for the residual correction stage.

Appendix F. Optimized DO-EKF Covariance Parameters
Appendix F.1. Synthetic Data

Q∗
syn =

[
2.770 × 10−6 0

0 1.895 × 10−4

]
, R∗

syn = 5.136 × 10−3. (A40)

Appendix F.2. NASA PCoE- Battery 0005

Q∗ =

[
9.773 × 10−8 0

0 4.279 × 10−5

]
, R∗ = 4.0795 × 10−2. (A41)

Appendix F.3. NASA PCoE- Battery 0006

Q∗
B0006 =

[
1.146 × 10−7 0

0 2.902 × 10−5

]
, R∗

B0006 = 5.041 × 10−2. (A42)
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Appendix F.4. NASA PCoE- Battery 0007

Q∗
B0007 =

[
9.480 × 10−8 0

0 4.530 × 10−5

]
, R∗

B0007 = 3.52 × 10−2. (A43)

Appendix F.5. NASA PCoE- Battery 0018

Q∗
B0018 =

[
1.033 × 10−7 0

0 3.999 × 10−5

]
, R∗

B0018 = 4.148 × 10−2. (A44)
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