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Abstract

State of Health (SOH) is a critical metric for evaluating the efficient and reliable opera-
tion of lithium-ion batteries (LIBs), although it cannot be directly measured. Accurate
SOH prediction throughout the entire lifecycle of LIBs remains a significant challenge,
primarily due to severe signal fluctuations and complex degradation mechanisms. In
this paper, a novel hybrid Transformer-based architecture for SOH prediction is intro-
duced, termed KF-SAMformer—GRU, which integrates a Kalman filter (KF) optimizer, a
sharpness-aware minimization Transformer (SAMformer) model, and a multi-layer gated
recurrent unit (GRU). To overcome the challenges of multivariate long-term forecasting,
we innovatively integrate SAMformer to extract robust feature indicators, actively miti-
gating data distribution shifts via sharpness-aware minimization. Furthermore, reversible
instance normalization (RevIN) is first introduced to tackle non-stationarity in multi-
source datasets, effectively eliminating uncertainty and significantly boosting generaliza-
tion capability. Complementing this, the KF mechanism is uniquely employed to fuse
multi-dimensional features, reducing computational overhead while accelerating training.
Finally, the multi-layer GRU precisely refines the mapping between SOH metrics and
predicted values. Experimental validation on the NASA and CALCE datasets demonstrates
the superiority of our approach, achieving a MAPE of 0.01, an RMSE of 0.91%, and an
R? of 0.99. Notably, the method accurately captures phenomena such as battery capacity
regeneration, exhibiting superior performance at peaks and valleys while maintaining high
computational efficiency.

Keywords: lithium-ion battery; SOH prediction; Kalman filter; sharpness-aware

minimization; transformer; GRU

1. Introduction

Lithium-ion batteries (LIBs) are widely used in various fields due to their high energy
density, low self-discharge rate, and long cycle life [1,2]. During service, LIBs present
non-uniform aging behaviors dominated by the physicochemical evolutions of the anode,
cathode, and separator, which further determine their state-of-health (SOH) trajectories.
Thus, the degradation of LIBs is generally characterized by a reduction in SOH [3]. The
complete exhaustion of their remaining useful life may lead to severe consequences, ranging
from thermal runaway to catastrophic safety incidents such as fires and explosions [4].
Therefore, the accurate prediction of SOH is a highly prominent topic that has driven
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extensive research interest [5-7]. SOH is defined as the ratio of the current capacity to the
initial capacity [8,9], described as:

SOH = Ccur/cinit % 100% (1)

where C,, is the current capacity, and Cj,;; is the initial capacity of LIBs.

However, accurate prediction of SOH has been a complex task until now because it
involves multiple factors such as sensing error, algorithm imperfection, and dataset incom-
pleteness. First, the degradation of LIBs is a complex process, which is readily influenced
by factors such as temperature, charge rate, and depth of discharge. Consequently, the
SOH profile exhibits highly nonlinear behavior throughout its service life [10,11]. Second,
capacity regeneration, a common phenomenon in the LIBs lifecycle, also affects the ac-
curacy and stability of SOH prediction. It stems from internal electrochemical reactions
during charge—discharge cycling, which partially restore battery capacity and cause a rapid
capacity rise in the subsequent cycle [12]. Given that SOH cannot be measured directly,
exhibits time-varying characteristics, and is susceptible to various disturbances [13,14].
High-precision SOH prediction has become a research hotspot in the field of lithium-ion
batteries. To this end, a variety of SOH estimation methods have been developed, including
model-based, data-driven, and hybrid fusion approaches [15,16].

According to the prediction time horizon and task objective, LIBs state forecasting and
health estimation methods can be generally divided into four mainstream categories: now-
casting, very short-term prediction, short-term prediction, and long-term forecasting [17].
Nowcasting aims to estimate a battery’s internal states at the current or immediate next
sampling instance (milliseconds). To achieve this, model-based methods are widely em-
ployed, estimating degradation through physical and mathematical models derived from
fundamental electrochemical principles. SOH is estimated by developing representative
models, including empirical models [18], equivalent circuit models (ECM) [19-21] and
electrochemical models (EM) [22], followed by the identification of their corresponding
parameters. Very short-term prediction further enhances model-based methods for regen-
erative braking and the management of immediate power peaks by employing algorithms
such as recursive least squares (RLS) [23] and the extended Kalman filter (EKF) [24,25].
Although SOH prediction has achieved remarkable progress, existing approaches are still
hindered by excessive model complexity and poor parameter identifiability, particularly
when applied to real-world scenarios.

Recently, data-driven approaches based on machine learning have been widely devel-
oped, establishing implicit statistical correlations between battery SOH and key operational
variables to enable accurate short-term and long-term health forecasting. Early time se-
ries techniques have significantly advanced battery SOH estimation, with representative
approaches including Gaussian process regression (GPR) [26], support vector machines
(SVM) [27], and artificial neural networks (ANNSs) [28]. Time-series analysis within deep
learning frameworks is indispensable for accurately estimating the SOH of batteries, es-
pecially LIBs powering electric vehicles and energy storage systems. Recurrent neural
networks (RNNs) and their improved variants, such as LSTM and GRU, are widely utilized
in SOH estimation to extract sequential features while mitigating gradient vanishing or
explosion issues [29]. To improve robustness against interference, Zhao et al. [30] utilized
time-varying filter-based empirical mode decomposition to extract multi-frequency degra-
dation features, leveraging a Bi-LSTM network for cross-dataset SOH estimation. Sahar
et al. [31] analyzed the impact of operating conditions on battery degradation trajectories
by combining GRU networks with PCA, K-means clustering, and Granger causality using a
realistic forklift dataset. Tang et al. [32] proposed a novel paradigm for accurate and explain-
able PEMFC health prognostics by integrating electrochemical impedance spectroscopy
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(EIS) with a gated recurrent unit (GRU) neural network, which leveraged high-fidelity
dynamic data and distribution of relaxation times analysis to achieve highly precise SOH
estimation and degradation quantification. While RNN variants demonstrate strong capa-
bilities in SOH estimation, their inherent architecture is prone to losing early-stage sequence
dependencies when handling long-term temporal data. In contrast, Transformer-based
models [33-35] employ attention mechanisms to assign dynamic weights, which effectively
resolve the challenge of modeling long-term temporal dependencies. To substantially
improve feature extraction efficiency, Zhu et al. [36] introduced a cross-stage partial proba-
bilistic sparse self-attention module utilizing staged sparsification and multi-scale temporal
fusion. To simultaneously capture multi-dimensional dependencies, Zhang et al. [34]
developed a Crossformer, which extended the standard Transformer via a cross-patch
attention mechanism. Although Transformer variants excel at capturing global long-range
dependencies in battery degradation sequences, their prediction performance is highly
sensitive to input health feature quality and system complexity.

Physical methods typically utilize multiphysics coupling to simulate internal degra-
dation and quantify battery health. As an early pioneer in physics-based modeling, Tang
et al. [37] proposed an electrochemical thermal framework that integrates lithium inven-
tory loss (LLI) and SEI layer growth to forecast LIB capacity degradation. Additionally,
Li et al. [38] developed a chemically and mechanically coupled SPM to rapidly predict
capacity fade and voltage evolution with an error of approximately 1%. The inherent
multiphysics coupling significantly increases model complexity and computational costs,
thereby compromising real-time capability and limiting practical online applications. To
address the limitations of purely physics-based models, physics-informed neural networks
(PINNS) integrating domain knowledge have become an emerging research focus in SOH
prediction. Driven by their superior performance, PINNs have been widely applied to LIB
SOH estimation [39,40]. To overcome data scarcity, researchers employ physics-informed
data augmentation [41], which uses simulation data from multiphysics EMs to characterize
aging mechanisms without direct measurements [39-42], thereby enhancing model accu-
racy and convergence. By fusing battery aging insights with deep learning, Tian et al. [42]
constructed health monitoring models that precisely estimate both maximum and remain-
ing capacities. To improve model generalization and interpretability, physics-informed
loss functions in PINN-based SOH estimation have gained significant attention. Wang
et al. [40] developed an explainability-driven framework that amplifies relevant features
while suppressing irrelevant ones during training. Furthermore, Ye et al. [43] exemplified
this paradigm by integrating statistical features with physics-constrained neural networks,
thereby significantly boosting the interpretability and prediction accuracy of battery states.
Lin et al. [44] proposed a lightweight two-stage physics-informed neural network (TSPINN)
for SOH estimation of varying lithium-ion chemistries, which integrated physics-informed
data augmentation derived from relaxation voltage and incremental capacity features with
a mechanism-aware physics-informed loss function to accurately estimate SOH under
diverse temperature conditions. Li et al. [45] proposed a unified SOH estimation frame-
work that synergizes a computationally efficient reduced-order electrochemical model and
subspace identification for degradation-sensitive feature extraction with Transformer-based
learning to capture long-range aging dynamics.

Recent advancements in SOH estimation have focused on enhancing robustness and
accuracy under complex operating conditions. To capture the cumulative nature of SOH
degradation, hybrid models integrate extracted features to effectively characterize capacity
fading trajectories. Wang et al. [46] coupled a GRU with a temporal convolutional attention
(TCA) module to adaptively capture degradation dynamics and boost feature extraction.
A hybrid framework [47] integrating bidirectional GRU (Bi-GRU) and bidirectional TCN
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(Bi-TCN) was proposed to extract robust temporal features for precise SOH prediction.
Zhao et al. [30] introduced a signal processing approach utilizing empirical mode de-
composition with a time-varying filter coupled with Bi-LSTM to extract multi-frequency
degradation features across diverse datasets. Zhou et al. [48] proposed a hybrid framework
integrating MR-MLP with an LSTM-Transformer architecture to optimize multi-level fea-
ture extraction. Jin et al. [49] proposed a hybrid framework that integrates a conditional
generative adversarial network (CGAN) with a Transformer model, thereby improving
prediction accuracy and facilitating automatic hyperparameter optimization. Furthermore,
Bai et al. [50] introduced the multi-view information perception framework (MVIP-Trans),
a convolutional Transformer-based architecture designed to overcome the limitations of
pure attention mechanisms in capturing local dynamic features. To address the challenges
of real-world SOH estimation, Zhang et al. [51] proposed a novel Bi-GRU-Transformer
model that leverages three characteristic parameters extracted from seven hierarchical dis-
charge voltage intervals to reduce feature complexity and significantly improve estimation
accuracy. Despite the robust performance of these hybrid models, their representational
capacity remains limited in fully capturing the intricate non-linearity and time-varying
dynamics inherent in battery degradation.

Based on the above analysis, this paper proposes a SOH prediction method using a
fusion neural network, which embodies three major innovations. It integrates the sharpness-
aware minimization (SAM) optimized Transformer framework, termed SAMformer [52], a
multi-layer stacked GRU [53], and a Kalman filter (KF) for feature optimization of battery
health indicators [24,25]. By employing sharpness-aware minimization (SAM), the model
is optimized for SOH prediction using arbitrarily segmented charge/discharge data, a
strategy that significantly alleviates the data dependency constraints typical of machine
learning approaches. Specifically, the channel-attention mechanism embedded within the
SAMformer effectively captures inter-channel dependencies while preserving the temporal
dynamics of each channel. The SAMformer strategically incorporates reversible instance
normalization (RevIN) to mitigate distributional discrepancies between the training and
testing sets of battery sequence data. To address severe nonlinearity and high computa-
tional complexity, the KF is introduced to suppress noise and eliminate redundancy in
the characterization of battery health indicators. The refined features derived from the KF
process are subsequently fed into the GRU unit to learn the non-linear mapping relationship
between the features and the SOH. The main contributions of this work are summarized
as follows:

(1) A novel hybrid neural network, termed the KF-SAMformer—-GRU model, is pro-
posed to effectively integrate the coupled intra-variable and inter-variable information
associated with degradation patterns, thereby significantly enhancing SOH prediction
accuracy and robustness.

(2) Specifically, SAM is employed to optimize the base Transformer network, improv-
ing feature extraction capabilities and computational efficiency. To address the inherent
non-stationarity of multi-source battery data, we strategically incorporate RevIN, which
eliminates dataset uncertainty and substantially enhances model generalization. Addi-
tionally, the KF is introduced to filter noise and fuse multi-dimensional features through
adaptive weighting. Furthermore, a three-layer stacked GRU network is utilized to output
SOH estimates, which effectively capture the phenomenon of battery capacity regeneration.

(3) The proposed model was validated using the NASA and CALCE battery datasets,
which encompass diverse battery types and aging trajectories. Experimental results, evalu-
ated using MAPE, RMSE, MAE, and R?, demonstrate that the proposed method achieves
lower error rates and superior stability compared with existing approaches.
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2. Related Work

Recent SOH prediction research focuses on accurate model construction, system state
parameter prediction, and data architecture design, etc. [8,54,55]. SOH prediction methods
can be categorized into model-based, data-driven, and fusion-based methods [6].

The model-based approaches are based on the degradation mechanisms of LIBs.
Mathematical and physical models are developed to characterize the LIB degradation
process and achieve SOH prediction. The estimation accuracy depends on the decay
pattern of the model’s key parameters representing the internal aging degree. These meth-
ods have several primary forms, such as the electrochemical impedance spectroscopy
(EIS) model [56,57], the Thevenin model [58,59], and the multistage resistive circuit (RC)
model [60,61]. The accuracy of these methods usually depends on model complexity
and parameter identification. Model-based methods have insufficient immunity to in-
terference in practical applications. To date, the principle of the model-based method is
simple and easy to operate, but it is sensitive to the accuracy of model construction and
parameter identification.

Data-driven methods [62,63] do not need to consider the complex electrochemical
changes and fluctuations of correlated substances inside the LIBs. These methods have
become a hot spot for research with data mining and extensive data analysis technolo-
gies [64,65]. By merging the extracted eigenvalues, parameters, and data mining algorithms,
the relationship between the eigen parameters and the SOH is esablished. Battery aging
data are essential for building the corresponding models, but they are expensive to collect.
Datasets such as NASA and CALCE provide extensive data on the effects of different envi-
ronmental stresses on battery life, which provide essential help for subsequent scientific
development. In general, data-driven methods are divided into data analysis (DA)-based
models [66-68] and machine learning (ML)-based models [69-73], which use data-driven
SOH estimation methods in different aspects. DA-based models identify features from dif-
ferential profiles by fitting an analytical function to the estimated data. For this purpose, the
electrical, thermal, and mechanical behavior of battery correlations are introduced to draw
the SOH. Due to their flexibility, ML-based models are widely used for data-driven SOH
prediction of non-approximate matching capability. ML modeling is a specific data analysis
methodology that learns from data and makes predictions with minimal human interven-
tion. To date, ML-based models have become the most popular models for data-driven
SOH prediction, such as RNN-based models [72-74], Multiple Regression (MR)-based mod-
els [75], and Transformer-based models [76]. Specifically, ML-based models aim to extract
features affecting battery degradation from direct measurements such as terminal voltage,
current, temperature, and recording time. Data-driven methods have strong robustness to
overcome the influence of parameter fluctuations, but require massive datasets [5].

Recently, the fusion-based methods have generally caught many researchers’ attention,
and can be divided into the same-type methods, different-type methods [7,77] and combina-
tions of methods [78]. Furthermore, there are hybrid approaches that integrate optimization
algorithms with other techniques. These methods typically yield superior performance
through the refinement of model parameters and thresholds [79]. The integration of fusion
methods exhibits complementary advantages and is beneficial for addressing challenges
such as the difficulty in measuring SOH decline and nonlinear changes. Compared to
employing a single data-driven method, a scientifically designed fusion of multiple data-
driven approaches can enhance data utilization and prediction accuracy [55]. Yassine [80]
developed a combined CNN-LSTM model that achieves highly accurate SOH estimates.
The Transformer architecture has also demonstrated effectiveness in tackling long-term
SOH prediction challenges, exhibiting satisfactory performance -at capturing long-term
dependencies in time-series data. The Bi-GRU-Transformer model boasts higher accuracy,
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better robustness, and superior generalization capabilities [53]. Lin et al. [44] proposed
a lightweight two-stage physics-informed neural network (TSPINN) for SOH estimation
of varying lithium-ion chemistries, integrating physics-informed data augmentation de-
rived from relaxation voltage and incremental capacity features with a mechanism-aware
loss function to achieve accurate estimation across diverse temperatures. Addressing the
complexities of real-world SOH estimation, Zhang et al. [51] proposed a novel Bi-GRU-
Transformer model. By leveraging three characteristic parameters extracted from seven
hierarchical discharge voltage intervals, this approach effectively reduces feature complex-
ity and significantly enhances estimation accuracy. However, existing SOH prediction
methods remain constrained by the stringent data requirements of neural networks, lim-
iting their applicability to batteries with ample data and rendering them less suitable for
new batteries [81,82]. The strong nonlinear variations during battery degradation are not
adequately captured by end-to-end neural network systems, leading to lower accuracy in
predicting capacity regeneration phenomena.

In this paper, we propose a hybrid SOH prediction method based on fusion tech-
niques. This method achieves excellent performance in SOH prediction with reduced
prediction errors and effective capture of capacity regeneration. The proposed method
demonstrates stable prediction performance across a wide range of battery materials and
charging/discharging protocol datasets, effectively addressing the challenge of data distri-
bution shifts encountered [83] in long-term SOH prediction.

3. Approach
3.1. Proposed Method
The overall structure of the KF-SAMformer-GRU network in this paper is shown in

Figure 1, which contains three sections: data preprocessing, KF-SAMformer-based feature
extraction, and GRU-based anticipation module.
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Figure 1. Overall flowchart of the proposed KF-SAMformer—-GRU network for SOH estimation.

Data preprocessing: Raw multi-source data frequently suffer from common time-
series issues, including missing values and duplicates, as well as inherent problems such
as varying scales and inconsistent noise levels. Such challenges can hinder the optimal
convergence of predictive models. Therefore, preprocessing the raw data prior to feature

https:/ /doi.org/10.3390 /batteries12070251


https://doi.org/10.3390/batteries12070251

Batteries 2026, 12, 251

7 of 20

extraction is essential to mitigate these drawbacks. This step minimizes the extraction of
irrelevant features and spurious dependencies, thereby enhancing both the accuracy and
stability of the model while accelerating its convergence. First, to reduce the discrepancy in
multi-dimensional data feature sizes and stabilize the training process, the battery sequence
data are min—max normalized, followed by the addition of Gaussian white noise. A linear
transformation is applied to normalize multi-dimensional data with varying value ranges
into the [0, 1] interval.

Xi = (X - xmin)/(xmax - xmin) (2)

where x; is the normalized value, Xmax and xpin correspond to the sample’s maximum and
minimum values, respectively, while x represents the initial value.

Next, Gaussian white noise is injected into the normalized data to train an autoencoder,
which reconstructs the data to preserve as much useful information as possible.

X = x; + N(O, 02) ©)

Here x; is the normalized input, and N (0, 0?) denotes zero-mean Gaussian noise with

variance ¢

. x; represents the noisy input fed into the autoencoder.

This preprocessing step mitigates training fluctuations caused by outliers in the raw
data, retains information more relevant for prediction, and enhances the optimization
efficiency of subsequent model training. The hidden layer output after processing by the
autoencoder is formulated as:

Xo = f(kx; + ) 4)

where, x, denotes the output, f (-) represents the activation function of the encoder, x; is the
input with added Gaussian noise, and b is the bias term.

KF-SAMformer-GRU is introduced to mitigate the instability inherent in battery
sequence feature extraction, thereby alleviating the strict data requirements typically asso-
ciated with data-driven methods. As a variant of the Transformer architecture, SAMformer
incorporates state-of-the-art practices from the research community, including RevIN [84]
and channel attention. The KF is integrated into SAMformer to mitigate noise and redun-
dancy in both temporal and channel-wise data. This enhancement enables the network
to process dynamic battery health information more effectively. A multi-layer GRU mod-
ule is designed at the bottom of the KF-SAMformer to learn feature representations at
varying depths, thereby enhancing the model’s expressiveness. The multi-layer GRU struc-
ture then processes the temporal dependencies of the input features layer by layer. The
KF-SAMformer-GRU process can be summarized as:

SOH(k) = Gmulti(K(S)(Z(N (Xraw)))) (5)

Let Xraw denote the raw multi-source time-series input data, including battery voltage,
current, internal resistance, and charge/discharge capacity. N (-) represents the data
normalization operation, and Z(-) indicates the data reconstruction process via a noisy
autoencoder. S(-) corresponds to the feature encoding operation of SAMformer, while ()
denotes the feature refinement operation using the Kalman Filter. Furthermore, Gmulti(-)
represents the multi-layer GRU temporal prediction mapping operation, and S/O?I(k) is the
predicted value of the battery SOH at each time step.

3.2. Data Preprocessing

The dataset used in this paper contains current, voltage, and capacity informa-
tion during the LIB charge/discharge cycle, serving as the raw input data for the
network presented.
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In time-series prediction, dirty data affects the final prediction results as time depen-
dency plays a vital role in processing time-series data. To eliminate the impact of dirty
data, preprocessing the raw data is necessary. The data are first normalized by linearly
transforming the multi-dimensional data with various value scales to the interval [0, 1].
After adding Gaussian white noise to the normalized data, an autoencoder is generated to
reconstruct the data to retain as much useful information as possible. Data preprocessing
can reduce the training fluctuations caused by outliers in the original data, retain informa-
tion that is more suitable for prediction, and improve the efficiency of training optimization
for subsequent models. The output of the hidden layer after autoencoder processing is:

z = f(wx; + b) (6)

where z denotes the output, f(-) represents the activation function of the encoder, w is the
encoder weight matrix, x; is the input after adding Gaussian noise, and b is the bias.
The reconstructed input matrix is given by the following equation:

xp = f'(w'z+7) @

here x; is the reconstructed output, f'(-) stands for the mapping function, w’ represents the
weight of the encoder output, and b’ denotes the bias of the encoder output.

3.3. KF-SAMformer

The traditional Transformer structure performs independent encoding and decoding
operations for each position in the input sequence and captures the long-term dependencies
of the multivariate time-series with the help of a self-attentive mechanism. Despite the
high expressive power of the Transformer, the open question of how to effectively train the
Transformer architecture without a tendency to overfit remains. It has been shown that by
removing the instability of training, Transformers perform well in long-term prediction [52].
Based on the existing research findings, we introduce SAMformer to remove instability
during feature extraction of battery sequences, thus mitigating the stringent requirements of
ML-based methods on input data. SAMformer, as a variant of the Transformer, incorporates
best practices proposed by the research community, including RevIN [84] and channel-wise
attention [85,86]. To enhance the generalization performance of the model for the challenges
of complex battery materials and charging/discharging strategies, a SAM approach is used
to optimize the model training process, minimizing training loss while correlating to the
loss sharpness.

The overall architecture of SAMformer is shown in Figure 1, which aims to learn a
stable mapping between sequence data and battery health features.

f(xt) =[xt + A(x}) xjwow, | we (8)
with wy, w,, We, A(x;) being the attention matrices of an input sequence x; and defined as:

A(x}) = softmax (waQwsz;T/ \/ﬂ) ©9)

where the softmax is row-wise, wg and wg are the attention matrices, and dm is the
dimension of the model.

As a non-stationary dataset, the battery sequence dataset’s training and test sets are
divided over time, naturally introducing inconsistencies in their distributions. Additionally,
there are inconsistencies in data distribution across different battery sequence datasets.
Consequently, the battery SOH prediction model experiences inconsistent performance and
limited generalization when transitioning from the training set to the test set. SAMformer
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is equipped with RevIN to handle shifts between training and test data in battery time
series. Specifically, RevIN contains two parts: normalization and inverse normalization.
Instance normalization is performed before inputting the battery data into the model, and
the mean and variance are used as the guiding parameters, which are learned by the model
and then inverse normalized to obtain the battery health indicator features. The input data
is normalized as:

1 &
E[xi] = —Zx]’ (10
x]':1
Ty
Var[x/] = 23 (xf ~ E[x{])? (11)
x]':1
. x; — E[x}]
x_)\<V[]+b> P 12)

where A and B are learnable affine parameter vectors, E[x}] is the mean of the input x}
and Var is the variance, £; is the normalized data. The inverse normalization operation is
implemented as follows:

9r =/ Var[x}] + b" - _7\ + E[x1] (13)

where 7; is the final prediction of the instance normalization model.

In this paper, the KF is used to enhance SAMformer by reducing redundant noise
in both time-dependent and channel-dependent data, allowing the network to better
process dynamic battery health information. The KF assists the SOH prediction frame-
work, which is highly nonlinear, in achieving more convergent parameter estimation,
thereby improving prediction accuracy. Specifically, the output of SAMformer is fed into
the KF, where the filtered battery health state features are weighted differently. This ap-
proach retains dependencies that are beneficial for enhancing the prediction accuracy of the
proposed network.

3.4. GRU-Based Anticipation

GRU can handle the mapping of battery health state indicator features to SOH values
while requiring only a small computational cost. In this paper, we design a multi-layer GRU
module at the bottom of the KF-SAMformer to learn feature representations at different
depths, thereby improving the model’s expressive power. Specifically, the future SOH
values are more highly correlated with the observed temporally nearest values; the battery
health state indicator features output from the KF-SAMformer are used as the initial hidden
states of the GRU, and the multi-layer GRU structure processes the time dependence in
the input features layer by layer. The number of GRU iterations follows the discussion in
the work [87] and is verified in the ablation experiments. As shown in Figure 1, the GRU
is iterated three times, and the hidden state of the third iteration is the predicted target
feature, which is input into the classifier to obtain the predicted value of SOH at the target
moment. The whole process is as follows:

h() = Xto; hi+l = GRU(hi), i=12,--- (14)

where the SOH indicator feature X}, is used as the initial hidden state of the GRU, and h; 1
is the predicted feature of the i + 1-th iteration.
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3.5. Loss Function and Model Training Strategy

Traditional optimization algorithms achieve convergence in models by seeking points
with low loss within the training dataset. However, many modern neural networks can
easily memorize the patterns of the training data, which frequently leads to overfitting
when optimized using traditional methods. In this paper, we employ the sharpness-aware
minimization (SAM) optimizer instead of conventional optimizers like SGD or Adam to
train the neural network framework. By minimizing the sum of the training loss and the
sharpness, SAM seeks flat minima in the loss landscape, thereby improving the model’s
generalization capability. Additionally, cosine annealing is introduced to adjust the learning
rate during the training process. The principle of cosine annealing is expressed as:

‘ 1 . 4 T
Mt = imin + (ﬂimx - nimn> (1 + COS( T ﬂ)) (1)
1

where i stands for the number of restarts, 77/, and 77\ . - correspond to the maximum and

minimum learning rates, respectively. T, represents the current epoch, and T denotes the
total number of epochs for the i-th restart.

The loss function employed in this paper is the mean squared error (MSE). The
calculation formula for the loss function is expressed as follows:

1 ~
Lyse = 52?21 l(xi - xtarget) (16)

here, I(-) denotes the loss function, X; and Xtarget Tepresent the predicted and ground truth
values, respectively.

Meanwhile, to achieve joint optimization of the encoder and the KF-SAMformer-GRU
network during training, the network is trained using the objective function formulated as:

L=¢Y " I(X— %) +eR(p) (17)

where L is the network’s objective function, ¢ serves as a parameter to control the denoising
and prediction tasks, € and R (-) correspond to the regularization parameter and the
regularization term, respectively. ¢ represents the learnable parameters of the model.

4. Experimental Section
4.1. Datasets

The CALCE (CS2), CALCE (CX2), and NASA datasets have been used in the experi-
ment; each dataset contains three types of data: discharge, charging, and impedance test.
The technical specifications of the datasets are shown in Table 1.

Table 1. NASA and CALCE Datasets [88,89].

Dataset NASA CALCE (CS2) CALCE (CX2)
Cell Chemistry LiNiMnCo/Graphite LiCoO, LiCoO,
Nominal Voltage 3.7V 3.7V 37V
Nominal Capacity 2 Ah 1.1 Ah 1.35 Ah
Operation Temperature 24 °C 1°C 25,35,45,55 °C
Upper Cut-off Voltage 42V 42V 42V
Lower Cut-off Voltage 22V,25V,27V 27V 27V
Charge/Discharge Rate 1.5A(0.75C)/2A(1C) 1.1A(1C) 0.675 A (0.5C)

To demonstrate the robustness of the network proposed in this paper, three different
battery datasets at temperatures of 24 °C, 1 °C, 25, 35, 45, and 55 °C are used. We divide
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the datasets into training and test sets in a 7:3 ratio. The prediction results show that our
proposed method is superior across the three datasets, proving its accuracy and robustness.

4.2. Training Strategy

As is known, the training strategy is an important factor in deep learning, which
consists of a loss function, learning rate, optimizer, and so on. The mean square error
(MSE) is introduced to evaluate the loss, and the learning rate parameter is configured
using the cosine annealing strategy. To cope with multi-dimensional battery sequence data,
the SAM algorithm is introduced as the optimizer to replace the traditional Adam and
SGD optimizers.

The SAM optimizer [90] is used to optimize the neural network framework while
minimizing the total loss and sharp loss to obtain the optimal network training parameters.
Cosine annealing is introduced to reduce the learning rate during the model training
process. The cosine value first declines slowly, then accelerates the decline, and finally
declines slowly again, and this descending can cooperate with the learning rate to produce
good results in a very effective way. In gradient descent, the network may fall into a local
minimum. Then a high learning rate can be used to jump out of the local minimum and
find the path to the global minimum. Cosine annealing is shown in the following equation:

— i 1 i Teur
Mt = Mmin + (277max Mmin 1+ cos T; us (18)

where 7.« and 7, ;. denote the maximum and minimum values of the learning rate,

respectively, T, is the number of epochs currently executed, and T; can be expressed as
the total number of Epochs in the i-time restart.

4.3. Predict Result

To assess the prediction performance, we use four evaluation metrics: the coefficient
of determination (R?), root mean square error (RMSE), mean absolute percentage error
(MAPE) and mean absolute error (MAE). These metrics provide a more comprehensive
assessment of the network’s predictive performance:

R?=1- <i(?i —%)2) / (i(yi —}/)2> (19)

i=1 i=1

1(&
RMSE = | - < @i — ]/i)2> (20)
i=1
O, n . .
MAPE = LO/O u (21)
il Y
1
MAE = 0} |7 = vil (22)
i=1

To demonstrate the effectiveness of our method, we compared its results with those
of several methods. The networks were trained and tested using the NASA and CALCE
datasets. The obtained R2, RMSE, MAPE, and MAE values are presented in Tables 2 and 3.
As shown in Table 2, our method has an average RMSE and MAPE of less than 0.007, an
MAE of 0.0051, and an R? greater than 0.99, which is superior to traditional methods.
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Table 2. Comparison of the method in this paper with other methods (NASA).

CNN- Bi-GRU-
Method LSTM MLP GRU LSTM Transformer Ours
R? 0.8785 0.8047 0.9172 0.9219 0.9629 0.9921
RMSE 0.0566 0.0959 0.0388 0.0472 0.0417 0.0068
MAPE 0.0628 0.0564 0.0375 0.0358 0.0191 0.0065
MAE 0.0490 0.0442 0.0296 0.0273 0.0133 0.0051
Table 3. Comparison of the method in this paper with other methods (CALCE).
CNN- Bi-GRU-
Method LSTM MLP GRU LSTM Transformer Ours
R? 0.6914 0.7092 0.8904 0.9719 0.9731 0.9941
RMSE 0.0711 0.0749 0.0355 0.0189 0.0297 0.0091
MAPE 0.0886 0.0926 0.0468 0.0210 0.0248 0.0102
MAE 0.0640 0.0674 0.0320 0.0170 0.0161 0.0082

The CNN-LSTM model outperforms the other three single ML-based models in terms
of performance metrics. Furthermore, the Bi-GRU-Transformer surpasses the CNN-LSTM,
demonstrating superior consistency in SOH prediction on the NASA dataset. Notably, our
proposed method achieves significantly lower error values compared to all other models.
The prediction curves of our method for the NASA dataset are shown in Figure 2.
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Figure 2. Prediction curves for the NASA 0018 Dataset.

As can be seen from the curves in the figure, our method accurately predicts the SOH
of the NASA 0018 dataset during the charge/discharge cycle. Compared to other methods,
our proposed method has the smallest absolute error. From the curves, the predicted values
of the proposed method are highly consistent with the true values, and it has excellent
regeneration capture capability, thereby obtaining accurate prediction results.

Table 3 demonstrates the comparative experimental prediction evaluation metrics
for the CALCE dataset. From Table 3, the proposed method outperforms the rest of the
comparative methods in the CALCE dataset, with RMSE and MAPE values less than 1.03%
and an R? greater than 0.99. Test metrics similar to those of the NASA dataset are achieved
for the CALCE dataset test, reflecting the stability of the proposed method under different
materials, lithium-ion batteries, and charging/discharging protocols.

The prediction curves of our method for the CS2-37 and CX2-34 datasets are shown
in Figures 3 and 4. Our prediction curves accurately reflect the trend of SOH curves in
the CALCE dataset and capture the dramatic degradation fluctuations of battery health,
proving that the prediction accuracy and robustness are satisfactory. As the number of
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SOH

battery charging and discharging cycles increases, the method proposed in this paper
always maintains a high degree of consistency with the true values with respect to the
trend of SOH changes. The predicted values of the comparison methods in the later stage
increasingly deviate from the true values, while the absolute error between the proposed
method and the true values is smaller than that of the comparison methods. When capacity
regeneration occurs in the battery, this method can sensitively predict the trend of capacity
regeneration. This proves the stability and accuracy of this method.
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Figure 3. Prediction curves for CS2-37 Dataset.
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Figure 4. Prediction curves for CX2-34 Dataset.

From the experimental results, many mainstream data-driven methods currently fail
to obtain stable results in both datasets. The proposed method in this paper combines
SAMformer and the KF to realize a high-quality feature extraction process of battery health
indicators, and then utilizes a GRU to solve the mapping of features to SOH values, and
finally achieves incredible prediction results on both datasets. The methodology in this
paper ensures prediction accuracy with brilliant stability, and still maintains a high level of
prediction performance in test sets with significant differences in data features.

4.4. Ablation Experiment

To verify the contribution of the network in this paper and the rationality of the
multilayer GRU design, two ablation experiments were executed. The results of the block
contribution ablation experiment for the proposed network are shown in Table 4 and
Figure 5, and the CALCE dataset was used as the validation.
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Table 4. Results of block contribution ablation experiments (CALCE).
KF- SAMformer-
Method Transformer GRU Transformer GRU Ours
R? 0.8561 0.8904 0.8952 0.9835 0.9941
RMSE 0.0934 0.0355 0.0493 0.0154 0.0091
MAPE 0.0732 0.0468 0.0488 0.0193 0.0102
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Figure 5. Ablation experiment prediction curves of block contribution.

We conducted an ablation study to evaluate the effectiveness of the KF. The corre-
sponding results are presented in the first part of Section 4.4, as detailed in Table 4 and
Figure 5. To examine the effectiveness of our structure, an ablation study was performed
to validate the contributions of the SAMformer, KF, and GRU. For a fair comparison, the
training settings and datasets were kept identical across all ablation experiments. The
ablation experiments were performed on different key modules using the following control
groups: (1) Transformer Model only, (2) GRU Model only, (3) KF-Transformer without
SAMformer and GRU, and (4) SAMformer—-GRU without KF, (5) KF-Transformer—-GRU
(ours). Transformer refers to the traditional Transformer time-series prediction model;
KF-Transformer refers to the model that optimizes the traditional Transformer using the
KF; and GRU refers to the gated recurrent unit prediction model. SAMformer—GRU refers
to the model that combines the two data-driven methods of SAMformer and GRU, and ours
is the method proposed in this paper. From the ablation test, it can be concluded that the
method that concluded the fusion of SAMformer and GRU can achieve better performance
than the traditional Transformer or GRU; the KF has a significant effect on the optimization
of the network. The optimal performance was obtained by the hybrid network proposed
in this paper using KF to optimize SAMformer and GRU, which proves the necessity of
network structure in this paper.

For the multi-layer GRU design, the basis comes from the GRU layer ablation experi-
ment, which was conducted on the CALCE dataset, and the results are shown in Table 5
and Figure 6. The worst prediction performance was achieved when the network used
only one GRU layer, with both RMSE and MAPE at high levels. Given the complex pattern
of LIB health-related sequence data and the highly nonlinear nature of the degradation
curves, the prediction error was significantly reduced because the multi-layer GRU had
a superior pattern-capturing capability compared to a single layer. The highest accuracy
in SOH estimation was achieved by a three-layer GRU network. Performance slightly
degraded when the number of layers exceeded three, indicating a potential model collapse
caused by excessive feature abstraction.
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Table 5. Results of GRU layer ablation experiments (CALCE).

Number of Layers 1 2 3 4 5
R? 0.9565 0.9778 0.9941 0.9855 0.9799
RMSE 0.0334 0.0189 0.0091 0.0196 0.0206
MAPE 0.0412 0.0200 0.0102 0.0175 0.0282
by True —— 1 GRU layer o144 — 1 GRU layer
09 ~ T ——2GRU layers i —— 2GRU layers
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Figure 6. Ablation experiment Prediction curves of GRU layer.

5. Conclusions

Aiming at the SOH prediction issue, a hybrid neural network named KF-SAMformer—
GRU is proposed, which captures the phenomenon of battery capacity regeneration and
predicts battery capacity recovery. The Kalman filter is introduced to filter out noise
and redundant features, and the sharpness-aware minimization-optimized Transformer
improves the feature extraction effect and processing speed. Then the multi-layer GRU
network is used to output SOH results with a superior pattern-capturing capability.

The proposed method is validated on various public battery datasets with different
battery materials and degradation states. The results indicate that our model achieves a
MAPE of 0.01, an MAE of 0.0051, an RMSE of 0.91%, and an R? of 0.99, outperforming
other methods. This demonstrates that our method achieves higher precision in SOH
prediction while maintaining excellent stability despite battery data distribution shift
challenges. Ablation experiments confirm the rationality of the proposed framework and
the number of layers of GRU. The hybrid architecture of KF-SAMformer-GRU significantly
improves prediction accuracy compared to other mainstream methods, and the KF further
optimizes the training process of the prediction network. Furthermore, the three-layer GRU
framework has a superior pattern-capturing capability.

Despite the superior prediction accuracy achieved, our proposed model faces high
computational complexity and memory consumption issues when dealing with long se-
quences of battery data. Despite the promising results, this study currently relies heavily
on standardized public datasets (such as CALCE and NASA), which are collected under
controlled laboratory conditions. Future research will focus on algorithmic lightweight-
ing and SOH prediction under real charging and discharging conditions, advancing the
application of this SOH prediction method in electric vehicles and electrochemical energy
storage. Our ultimate goal is to enhance the model’s generalization capability to ensure its
seamless applicability to real-world battery management systems, facilitating reliable state
estimation and health monitoring in practical automotive scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

LIBs lithium-ion batteries

BMS Battery Management System

EIS Electrochemical Impedance Spectroscopy
SOH State of Health

RUL Remaining Useful Life

KF Kalman Filter

SAM Sharpness-Aware Minimization

RevIN Reversible Instance Normalization

GRU Gated Recurrent Unit

LST™M Long Short-Term Memory

MAPE Mean Absolute Percentage Error

RMSE Root Mean Square Error

MSE Mean Square Error

The following Nomenclatures are used in this manuscript:
Xt the output at moment t

by the normalized data of x;

w the weight of the auto-encoder output x;
X the reconstructed output at moment t

w' the weight of the auto-encoder output x;
We, Wy, W,  attention matrix of an input sequence x;
dm the dimension of the model

B.A learnable affine parameter vectors

Xt the initial hidden state of the GRU

hiiq the predicted feature of the i + 1-th iteration
17 ax the maximum values of the learning rate
ninin the minimum values of the learning rate
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