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ABSTRACT: The accurate state of health (SOH) estimation in lithium-ion batteries represents a critical technological
challenge with profound implications for electric vehicle performance and user experience. Precise SOH assessment
not only enables reliable mileage prediction but also ensures operational safety. However, the complex and non-linear
capacity fading process during battery cycling poses a challenge to obtaining accurate SOH. To address this issue, this
study proposes an effective health factor derived from the local voltage range during the battery charging phase. First, the
battery charging phase is divided evenly with reference to voltage intervals, and an importance analysis is conducted on
each voltage interval. From these, the voltage interval with the strongest correlation to State of Health (SOH) is extracted
as the feature interval. Then, a data-driven framework integrating variational mode decomposition (VMD) with gated
recurrent unit (GRU) neural networks enables comprehensive multi-scale temporal feature analysis for enhanced SOH
estimation. The methodology begins with rigorous feature engineering to identify and extract optimal health indicators
demonstrating superior correlation. Subsequently, the VMD algorithm performs sophisticated signal processing to
decompose both the measured capacity and derived health indicators into their constituent intrinsic mode functions
and residual components. Finally, a GRU-based neural network is implemented to establish a robust SOH estimation
model. Experimental validation using cycling data from different datasets shows that the root mean square error of
the estimation results is consistently below 3%, demonstrating the good accuracy and generalisation of the proposed
method, using only local data from the charging phase.

KEYWORDS: Lithium-ion batteries; state of health; capacity regeneration; variational mode decomposition; gated
recurrent unit

1 Introduction

Driven by the global energy transition and the dual carbon strategy, the new energy vehicle (NEV)
industry has ushered in an unprecedented opportunity for development [1-3]. Lithium-ion batteries, with
their outstanding energy density, excellent cycling performance, and continuously declining cost advantages,
have become the preferred power source for electric vehicles (EVs), energy storage systems, and consumer
electronics [4-6]. However, the complex electrochemical system of lithium-ion batteries means that their
health status is influenced by the coupling of multiple physical fields, which poses a significant challenge to
the accurate state of health (SOH) estimation [7]. Research has shown that long-term cycling can lead to
irreversible losses of active lithium and phase transitions in the cathode material. These irreversible degra-
dations not only reduce battery capacity but may also trigger safety hazards such as thermal runaway [8-10].
Meanwhile, lithium-ion battery capacity degradation exhibits complex nonlinear characteristics [11,12].
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While the overall trend follows a monotonic decreasing pattern, significant fluctuations are observed at
local timescales. This non-stationary degradation behaviour primarily stems from two key mechanisms.
The one is the capacity regeneration phenomenon, which is a typical transient characteristic in the battery
degradation process [13,14]. It is mainly manifested as an apparent capacity recovery of the battery under
resting or low-load conditions. Essentially, this phenomenon is a comprehensive reflection of physical
and chemical processes such as the redistribution of surface charges on the electrode material and the
relaxation of ion concentration gradients. It represents a false capacity recovery. Research has shown that this
regeneration effect can significantly affect the smoothness of the degradation curve, leading to misjudging
in traditional prediction models. The other is random interference fluctuations, which include disturbances
in capacity measurement values caused by random factors such as measurement noise, ambient temperature
fluctuations, and changes in charging and discharging conditions. These interference factors are coupled with
the real degradation trend, further increasing the non-linear characteristics of the capacity curve [15,16].
Therefore, establishing an accurate SOH evaluation is of significance for realizing predictive maintenance
and cascaded utilization of batteries.

Accurate estimation of the SOH of lithium-ion batteries hinges on the selection of effective feature
factors. Ideally, battery capacity and internal resistance are the most direct indicators of health status [17].
However, the complexity of online measurement, which is often impractical to achieve, necessitates the use of
alternative metrics [18]. In practical applications, parameters such as current, voltage, temperature, and cycle
count, which can be directly collected by sensors, are commonly employed as health indicator (HI) [19,20].
During the charging process, lithium-ion batteries typically utilize the constant current-constant voltage
(CCCV) charging mode, which yields a relatively stable voltage curve. Research has demonstrated that as the
battery ages, the time required for the charging voltage to reach the cut-off voltage gradually decreases [21].
This observation suggests that the charging voltage curve can serve as a vital feature for estimating battery
SOH. However, in the real-world operating conditions of new energy vehicles, obtaining a complete charging
curve is often challenging. Given these constraints, the efficient utilization of equal voltage interval time
emerges as a highly significant approach for the SOH estimation of lithium-ion batteries.

SOH estimation methods for lithium-ion batteries can be primarily categorized into four approaches:
electrochemical model-based methods, empirical model-based methods, equivalent circuit model (ECM)-
based methods, and data-driven methods [22-24]. The electrochemical modelling approach establishes
aging models based on internal electrochemical mechanisms such as SEI film formation, enabling precise
characterization of complex electrochemical reactions within batteries [25]. However, this method presents
two major limitations: the requirement of specialized experimental equipment for parameter measurement,
and high computational complexity in model solving, which pose significant challenges for practical
engineering applications. Empirical modelling methods develop estimation models by analysing operational
data, including cycle numbers and ohmic resistance accumulated during battery usage [26]. The primary
drawback of this approach lies in its sensitivity to data fluctuations, often leading to divergent SOH estimation
results. The equivalent circuit modelling technique employs electrical components to construct state-
space equations representing battery aging behaviour [27-29]. Nevertheless, its implementation faces two
critical constraints: model parameters are susceptible to variations in operating conditions, and parameter
identification typically requires electrochemical impedance spectroscopy (EIS) techniques that are difficult
to implement in real-world vehicular applications. While these model-based approaches can describe
battery aging behaviour to certain extent, they exhibit notable deficiencies in accurately characterizing both
dynamic and static performance features of lithium-ion batteries. Specifically, the electrochemical model’s
complexity hinders real-time implementation, empirical models lack physical interpretability, and ECMs
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struggle with environmental adaptability limitations that collectively motivate the development of more
robust estimation methodologies.

Data-driven approaches have emerged as the predominant technical pathway for lithium-ion battery
SOH estimation, leveraging operational monitoring data (voltage, current, temperature, etc.) to extract
degradation patterns while circumventing complex electrochemical mechanism analysis and internal
reaction modelling [30-32]. Data-driven approaches for battery health monitoring primarily encompass
machine learning and deep learning methodologies. Machine learning approaches, including support vector
machines (SVM), random forests (RF), and Gaussian process regression (GPR), establish quantitative
relationships between measurable battery parameters and SOH indicators [33,34]. These methods estimate
SOH by establishing mapping relationships between battery feature parameters and health states. Their
advantages lie in relatively simple model architectures, high computational efficiency, and suitability for
modelling with small sample sizes. Deep learning architectures, particularly long short-term memory
(LSTM) networks, convolutional neural networks (CNN), and gated recurrent unit (GRU) neural networks,
have demonstrated remarkable capabilities in battery health monitoring [35-37]. These advanced neural
networks autonomously extract hierarchical features from operational data while effectively capturing the
temporal dependencies inherent in battery degradation processes. Deep learning methods demonstrate
superior capability in autonomously extracting high-level features from battery monitoring data while
effectively capturing the temporal dependencies in performance degradation. These advanced techniques
exhibit enhanced modelling capacity and prediction accuracy, particularly in big-data applications, achieving
state-of-the-art performance in battery health prognostics. Liu et al. employed a generative adversarial
neural network to convert battery charging data into image data, enabling accurate State of Health (SOH)
estimation [38]. Yang et al. proposed a GRU-LSTM model that effectively identifies the aging characteristics
of batteries during fast charging, with the Root Mean Square Percentage Error (RMSPE) of the proposed
method’s estimation results being 1.34% [39]. Based on a Bidirectional Gated Recurrent Unit (Bi-GRU), Liu
et al. developed a hybrid neural network framework, in which hyperparameters were optimized using the
differential evolution algorithm, achieving precise SOH estimation across multiple datasets [40]. Yang et al.
proposed a joint estimation framework by combining a Particle Swarm Optimization-based Bidirectional
Long Short-Term Memory (PSO-BiLSTM) with an extended Kalman filter, realizing the joint estimation of
State of Charge (SOC) and SOH; the Root Mean Square Error (RMSE) of the model’s estimation results was
within 4% [41].

To achieve accurate SOH estimation, existing studies have proposed numerous effective estimation
methods using various neural network models, and have improved SOH estimation accuracy through data
reconstruction techniques. However, many studies utilize the full segment of data from the battery charging
and discharging process. This means that complete charging process data must be acquired during model
development, which poses challenges to the practical application of the proposed models. Meanwhile, the
actual operating conditions of batteries are diverse, resulting in inconsistent discharge data throughout a
battery’s full life cycle. Consequently, it is difficult to establish data-driven models using discharge data.

In this study, it proposes a novel data-driven framework using partial data from the charging process,
it integrates variational mode decomposition with gated recurrent unit neural networks for enhanced
multi-scale temporal feature analysis in SOH estimation, as shown in Fig. 1. Experimental validation using
cycling data demonstrates the superiority of the proposed method, exhibiting enhanced robustness against
capacity regeneration effects compared to conventional approaches. The methodology consists of three
key contributions:

(I)  Feature engineering: Identification and extraction of an optimal HI with superior correlation to battery
degradation, including partial data of the charging stage.
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(2) Signal decomposition: Application of variational mode decomposition to decompose measured capac-
ity and derived health indicators into intrinsic mode functions and residual components, enabling

multi-scale feature extraction.
(3) Model development: Implementation of a gated recurrent unit-based neural network to establish a

robust SOH estimation model.
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Figure 1: The framework of proposed method

The remainder of this paper is structured as follows: Section 2 presents the experimental
datasets. Section 3 describes the proposed method. Section 4 is the performance validation of the

model. Section 5 is the conclusion.

2 Datasets and Feature Extraction

2.1 The Description of Battery Datasets

In this study, the battery data used were obtained from the National Aeronautics and Space Admin-
istration (NASA). Specifically, the dataset contains 18,650 lithium-ion batteries with a cathode material of
LiNij §Coy.15Alp,050, (NCA) and anode graphite material, a rated capacity is 2 Ah. All batteries were sub-
jected to aging tests at an ambient temperature of 24°C. As shown in Fig. 2a, during the aging experiments,
each battery was charged using a constant-current and constant-voltage (CC-CV) protocol with a charging
current of 1.5 A, a cutoff voltage of 4.2 V, and a cutoff current of 20 mA. In the discharging process, each
battery was working under a constant-current mode at 2 A with cutoff voltages of 2.7 and 2.2 V, respectively.
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Figure 2: The description of battery aging dataset; (a) The protocol of the charging process; (b) Battery capacity
degradation trajectory

With the use of batteries, continuous charge-discharge cycles trigger negative electrochemical reactions
that ultimately lead to capacity degradation, as shown in Fig. 2b. In repeated charging processes, the
deintercalation and intercalation of lithium ions cause the cathode material to undergo repeated lattice
expansion and contraction, gradually fragmenting its structure and reducing active substances. Meanwhile, a
solid electrolyte interface (SEI) film forms on the anode surface, whose continuous growth not only consumes
electrolyte and lithium ions but also hinders ion transport. Additionally, the electrolyte itself decomposes on
the electrode surface, generating impurities that further deteriorate the internal battery environment. The
continuous accumulation of these electrochemical reactions not only causes a gradual decline in the charge
storage capacity, intensifying users’ range anxiety but also accompanies significant increases in internal
resistance, lithium deposition on the anode, and fragmentation of cathode particles. These phenomena lead
to substantial degradation of the battery’s thermal stability, significantly increasing the probability of safety
accidents such as short circuits and fires. In this study, the SOH is used to evaluate battery aging, as shown
in Eq. (1):

C
SOH = == x100% @
Cn
where the C, denotes the actual capacity of the battery with the r cycle times, C, is the nominal capacity of
the battery.

2.2 Health Indicator Extraction

In the process of establishing a data-driven model for SOH estimation, the extraction of health factors
directly affects the estimation performance of the model. In existing studies, the independent component
analysis (ICA) method is a commonly used approach for health factor extraction [42]. This method monitors
and analyzes the variations between voltage and capacity, enabling effective capture of data segments
containing battery aging information. However, it requires recording charging data from 0% to 100% SOC
degree and performing differentiation processing, which significantly increases the workload of health factor
extraction and weakens the high-efficiency advantage of data-driven models. Meanwhile, in the actual
operation of vehicles, the complete charging process starting from 0% SOC degree is difficult to obtain,
posing challenges for the practical application of the ICA method.
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With the development of battery aging, irreversible side reactions inside the battery cause changes in
internal resistance, which are manifested as varying degrees of offset in the charging voltage curve, as shown
in Fig. 3a. Therefore, this paper proposes using the local voltage segment time as a health factor. Taking the
constant voltage duration with a 0.2 V interval as an example, as shown in Fig. 3b, with the aging of the
battery, the duration of each constant voltage interval shows a significant decreasing trend.
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Figure 3: The extraction of the health indicators; (a) The figure of variation in charging voltage curve; (b) The variation
in charging time within the voltage range

Although the charging time of different constant voltage intervals shows the same variation trend as
battery performance degradation, the degree of aging information contained in each voltage interval varies.
To enhance the utilization of key information and reduce the impact of redundant information on the data-
driven model, this paper employs the grey correlation degree to analyze the importance of constant voltage
intervals with 0.1 and 0.2 V spacing. The calculation of the correlation degree is shown in the following
equation:

minmin|SOH (j) ~ T, (j)| + p min min|SOH (j) - T, (j)|
! J ! J

P; (j) = ISOH (j) - T; (j)|+pmiinm]jn|SOH(j)—Ti ()| 2)

where iis the number of cycles, jis the number of constant voltage interval segments, T;(j) is the charging time
of the j-th voltage interval at the i-th cycle, and SOH(j) is the state of health at the i-th cycle. The importance
of the duration in each interval is shown in Fig. 4. The constant voltage interval with the highest correlation
with SOH is selected as the health factor. In Fig. 4, taking a 0.2 V interval, the charging time of the interval
starting at 3.9 V exhibits an extremely strong correlation. In related studies, the ICA results of NASA battery
aging data are consistent, and the variation relationship between capacity and voltage is most significant near

4.0 V [43]. In this paper, the charging time in the range of 3.9-4.1 V during the charging process is selected
as the health factor for model establishment.
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Figure 4: The correlation analysis of voltage range; (a) Battery #5; (b) Battery #6

3 Methodology
3.1 Variational Mode Decomposition

In the construction of data-driven models, input data plays a crucial role in the estimation performance
of the model. Due to the existence of random interference and capacity regeneration phenomena during
the aging process, the aging trajectory of the battery is not a monotonically decreasing degradation process.
These processes are intertwined, and directly constructing a model may lead to ineffective capture of aging
information. The variational mode decomposition (VMD) method can adaptively decompose the original
characteristic data into multiple aging information components with different central frequencies. Each
component contains different aging processes, enabling fine-grained analysis of aging data.

To address the complexity and non-stationarity of aging data, in this study, it employes the VMD
method to decompose the proposed features. It can effectively eliminate noise interference in the data and
extract the true trend of capacity degradation. Meanwhile, by separating different frequency components,
it can accurately decompose various aging information of the battery. Compared with traditional analysis
methods, VMD does not require preset parameters, has stronger adaptability and robustness, and can more
accurately excavate the underlying patterns in battery aging feature data, providing a more reliable basis for
the establishment of data-driven models. The calculation of VMD is as follows:

VMD ={di (¢), - du(t), r(6)} 3)

where d, (t) represents the decomposed subsequence term, r(t) is the main degradation trend term. The
constrained variational model corresponding to the signal I(¢) is defined as follows:

r{mr}l{Zl 19: [(8¢ +j/m) * en (£)] # exp[—ant]i} (4)
st e, (1) =1(1) (5)

where {¢,} is the n-th intrinsic mode function (IMF) after decomposition, {6,} denotes the frequency of
the n-th IMF, * represents the convolution calculation, d; is the derivative with respect to time, and &; is
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the Dirac delta function. Transforming the constrained problem of the above model into an unconstrained
problem for solution, as shown in Eq. (6):

L({en}, {0,3,0) = (A (0),x (6) = £ 20 () + |1() - Sy e ()]
4y {00190 [(80 +j/t) # e (£)] + exp [-j6nt][3)}

where A is the Lagrange multiplier. In the process of VMD on aging data, the SOH is employed to replace the
capacity for reflecting the aging information of the battery. The decomposition results are shown in Fig. 5.
Compared with the original battery aging trajectory, the aging trend term obtained after decomposition can
more effectively reflect the monotonicity of battery aging, while the disturbance term reflects the phenomena
of capacity regeneration and random interference in the aging process.
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Figure 5: The decomposition results of VMD; (a) Battery #5; (b) Battery #6

3.2 Gated Recurrent Unit

The gated recurrent unit (GRU), a variant of the recurrent neural network (RNN), was introduced
by Wang et al. in 2014 as an optimized version of the long short-term memory (LSTM) architecture [44].
By simplifying the gating mechanism it reduces computational complexity without sacrificing sequential
modeling capabilities. This improved design effectively mitigates the vanishing gradient problem inherent
in traditional RNNs, enabling the model to capture long-range temporal dependencies while maintaining
robust performance in sequence-to-sequence tasks. The GRU model is characterized by its simple architec-
ture and excellent performance, widely employed in applications such as time-series data processing, natural
language processing, and speech recognition. In this study, by integrating the VMD and GRU models, it
proposes a VMD-GRU model for the estimation of SOH, the framework of proposed method is shown
in Fig. 6.
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Figure 6: The structure of the VMD-GRU model

First, VMD is employed to decompose the degradation curve of battery SOH and the proposed health
indicators into a main trend term and a residual term. Then, GRU model is used to explore the potential
relationships between each modal component of SOH and health factors, completing the construction of a
data-driven model. Finally, the estimation results of each modal component output by the GRU model are
superimposed to obtain the SOH estimation value. The GRU estimation process for each VMD component
is shown in the Eq. (7).

Zt = 6 (Wz . [ht—l’dt] + bt)
Ct =0 (Wr' [ht—l)dt] + br)

ht = tanh(Wh [rtht—ladt] + bh) (7)

ﬁt: (l_zt)'ht—1+zt'ht
d= Wout : hend + bs

where z; denotes the update gate; d, is the input data from VMD component; 7, represents the reset gate; h;
and h,, 4 are the hidden states; h, is the candidate hidden state; §(x) and tanh(x) are activation functions;
W,, W,, W, and W,,,,; are weight matrices; b, b,, by, and by are bias terms; d is the model estimation result.

4 Validation and Analysis
4.1 Validation with NASA Datasets

In this study, to address the challenge that capacity regeneration and random interferences during
battery aging make it difficult to directly obtain the SOH, it adapts the NASA battery aging dataset to
verify the effectiveness of the proposed method. Meanwhile, to evaluate the generalizability of the proposed
method, aging data from different batteries are respectively used as the training and testing sets. Meanwhile,
to demonstrate the superiority of the model, it constructs the PSO-XGboost model and LSTM model with
the same features as the comparison group. The validation results are shown in the Fig. 7.
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Figure 7: The estimation result of SOH in NASA dataset; (a) Battery #5; (b) Battery #6

As shown in the figures, the proposed method exhibits estimation bias in the early aging stage,
demonstrating excellent consistency between the estimation results and the aging trajectory during the
subsequent aging process. To further evaluate the estimation performance of the model, root mean square
error (RMSE) and mean absolute error (MAE) are employed to quantify the model’s estimation accuracy.
As illustrated in Fig. 8, for the aging data of two different batteries, the SOH estimation accuracy of the
proposed method is remarkable, with RMSE values of 0.33% and 0.20%, and minimum MAE values of 0.94%
and 1.53%, respectively. By comparison, the minimum RMSE values of the PSO-XGBoost and LSTM models
using the same features are 1.23% and 0.68%, and the minimum MAE values are 2.11% and 2.48%, respectively.
The validation results indicate that the proposed method not only achieves high precision but also enables
accurate SOH estimation for two different batteries, demonstrating its excellent generalizability.
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Figure 8: The error of SOH estimation in NASA dataset; (a) Battery #5; (b) Battery #6
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4.2 Validation with CALCE Datasets

The above validation demonstrates the accuracy of the proposed method. To further verify the effective-
ness and generalizability of the model, it uses the battery aging dataset from the University of Maryland for
estimation validation. In this dataset, all batteries are charged in CCCV mode at 0.5 C with a cut-off voltage
of 4.2V, and discharged at a constant current of 1.1 A [45]. The SOH estimation results are shown in Fig. 9. It
demonstrates that the estimation result of the proposed method could accurately reflect the aging trajectory

of batteries.
(a) Proposed method (b) Proposed method
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Figure 9: The estimation result of SOH in CALCE dataset; (a) Battery C36; (b) Battery C37

The estimation performance of each model is shown in Fig. 10. For the SOH estimation results of
two different batteries, the proposed method achieves RMSE values of 2.76% and 2.67%, with MAE values
both within 3%. In contrast, the LSTM model exhibits estimation errors with RMSE values of 3.60% and
3.37%, and MAE values of 3.17% and 2.55%. Compared with the LSTM model, the proposed method
demonstrates an average improvement of 22.1% in RMSE and 27.3% in MAE. In traditional SOH estimation
methods, many studies have employed ICA on battery charging data, extracting local peaks and valleys as
health factors. This approach typically requires obtaining complete charging data under constant current
conditions. In this study, a method is proposed that enables accurate assessment of battery health status
using only partial data from the battery charging process. It reduces the difficulty in data acquisition while
ensuring estimation accuracy comparable to the methods using ICA-based analysis [46-48]. According
to the validation results, it can be concluded that the proposed method demonstrates great accuracy
across different datasets. Additionally, the excellent generalization ability of the proposed method has been
validated through verification results in different batteries.
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Figure 10: The error of SOH estimation in CALCE dataset; (a) Battery C36; (b) Battery C37

5 Conclusion

This study proposes a novel VMD-GRU data-driven framework for accurate SOH estimation of
lithium-ion batteries, addressing the challenges posed by capacity regeneration phenomena. The optimal
health indicators are extracted through rigorous feature engineering, and VMD is employed for multi-
scale decomposition into IMFs and residual components. The integrated GRU network establishes a robust

estimation model with enhanced temporal feature analysis. The main contributions are summarized as
follows:

(1) A methodology is developed combining feature engineering and signal processing, where VMD
effectively decomposes battery aging characteristics into multi-scale components (i.e., IMFs and
residual term), enabling comprehensive feature extraction.

(2) The proposed VMD-GRU framework demonstrates superior robustness against nonlinear capac-
ity regeneration effects. The GRU network captures complex temporal patterns while maintaining
computational efficiency, achieving consistent estimation accuracy (RMSE < 3%).

(3) Comparative experimental results verify the framework’s outstanding performance, showing signif-
icant improvement over conventional methods in handling capacity regeneration phenomena. The
approach maintains high accuracy and strong robustness across different battery cycling conditions.
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