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Abstract

Accurate estimation of battery state indicators, particularly State of Charge (SoC) and State
of Health (SoH), remains a fundamental requirement for advanced BMS, directly affecting
safety, reliability, operational efficiency, and battery lifetime. Recent advances in deep
learning have demonstrated promising results for SoC estimation and SoH classification
individually; however, the impact of SoC estimation errors on subsequent SoH classifica-
tion has received limited attention. This work investigates whether accurately estimated
SoC information can effectively support data-driven SoH classification and quantifies the
propagation of uncertainty across a cascaded battery diagnostic framework. A two-stage
deep learning architecture combining LSTM-based SoC estimation and ResNet-based SoH
classification is proposed and evaluated using three lithium-ion battery datasets. The SoC
estimation stage is assessed using two experimental datasets (LG Chem E66 and Panasonic
NCR18650PF), while the SoH classification and uncertainty-propagation analysis are con-
ducted using the GS Yuasa LEV50 dataset generated from a validated battery simulation
model. To improve temporal feature extraction and noise robustness, signal preprocessing
based on Butterworth and Exponential Moving Average filters was incorporated. Experi-
mental results achieved SoC estimation errors as low as 1.46% and an SoH classification
accuracy of 94.23% when reference SoC values were used. Under realistic operating con-
ditions, where SoH classification relied on estimated SoC values, the accuracy decreased
to 79.65%. These findings provide a quantitative assessment of uncertainty propagation
in integrated SoC-SoH pipelines and demonstrate that highly accurate SoC estimation
alone does not necessarily guarantee equivalent SoH classification performance. The study
highlights the challenges and limitations of cascaded data-driven battery diagnostics and
provides insight for the development of more reliable intelligent BMS solutions.

Keywords: lithium-ion batteries; battery management systems; state of charge estimation;
state of health classification; LSTM; ResNet; cascaded SoC–SoH estimation; uncertainty
propagation; battery diagnostics; electric vehicles

1. Introduction
The widespread adoption of electric vehicles has driven significant research and

development efforts in the field of BMS. A critical function of modern BMSs is the accurate
estimation of battery state parameters, particularly State of Charge (SoC) and State of
Health (SoH), which directly influence battery safety, reliability, operational efficiency, and
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lifetime. Precise knowledge of these metrics is essential for optimizing battery performance,
preventing unsafe operating conditions, and extending the useful life of lithium-ion battery
packs used in electric vehicles (EVs) [1–5].

Traditional approaches to SoC estimation and SoH classification have mainly relied on
electrochemical, equivalent-circuit, and model-based techniques. Although these methods
can provide accurate results under controlled conditions, the inherent complexity, ageing
mechanisms, parameter variations, and nonlinear behaviour of lithium-ion batteries often
limit their effectiveness under the highly dynamic operating conditions encountered in
EV applications [6–9]. Recent review studies have highlighted SoC and SoH estimation
as two of the most important functions of modern BMSs and have emphasized the grow-
ing need for more robust and adaptive estimation methods capable of operating under
real-world conditions [10].

Recent advances in artificial intelligence have promoted the adoption of data-driven
approaches for battery state estimation, allowing complex nonlinear battery behaviour to
be learned directly from operational data without relying exclusively on detailed electro-
chemical models [11]. Artificial Neural Networks (ANNs), Recurrent Neural Networks
(RNNs), Gated Recurrent Units (GRUs), and Long Short-Term Memory (LSTM) networks
have emerged as some of the most widely adopted machine-learning techniques for battery
state estimation due to their ability to capture nonlinear and temporal dependencies in
battery behaviour [11].

In recent years, the application of machine learning, and specifically neural network
(NN) techniques, has shown significant promise in addressing challenges related to battery
state estimation [12], battery management, energy management, and optimization. These
capabilities have motivated their increasing adoption for battery state estimation and
health-monitoring applications, where accurate modelling of nonlinear battery behaviour
and degradation processes is required [13,14].

Despite the encouraging results reported in the literature, several open challenges
remain. First, many existing models are developed and validated using a single battery
dataset, limiting their ability to generalize across different battery chemistries, as well
as form factors, operating temperatures, and usage conditions. Second, the influence
of signal preprocessing strategies on the performance of deep learning-based battery
estimators has received comparatively limited attention despite their potential impact on
noise reduction and temporal feature extraction. Third, and most importantly, most existing
studies evaluate SoC estimation and SoH classification tasks independently, whereas the
propagation of uncertainty between both tasks remains largely unexplored.

Recent studies have highlighted the strong coupling between SoC and SoH and
suggested that jointly considering both states may improve battery-state estimation perfor-
mance. Wu et al. [13] proposed a BiLSTM-SA framework for joint SoC-SoH estimation and
demonstrated that incorporating health-related information improved charge-state estima-
tion accuracy. Similarly, Wei et al. [14] showed that battery degradation significantly affects
SoC estimation performance and advocated integrated SoC-SoH estimation strategies com-
bining data-driven and model-based approaches. Motivated by this reported coupling, the
present work investigates the reverse perspective: whether an accurately estimated SoC can
provide meaningful information for improving downstream SoH classification performance
and how estimation errors propagate through a cascaded SoC-SoH framework.

To address these challenges, this work presents an experimental data-driven frame-
work combining LSTM-based SoC estimation with ResNet-based SoH classification. Rather
than proposing a new neural architecture, the objective is to systematically evaluate how
signal preprocessing strategies, model selection, and dataset diversity affect the perfor-
mance and robustness of battery state estimation across different lithium-ion technologies
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and operating conditions. Particular emphasis is placed on analyzing uncertainty propa-
gation from SoC estimation to subsequent SoH classification, a scenario that more closely
reflects practical BMS deployment conditions.

The main contributions of this work are fourfold:

1. A comparative evaluation of LSTM-based SoC estimation models across heteroge-
neous lithium-ion battery datasets, covering different cell chemistries, form factors,
operating temperatures, and driving conditions.

2. An assessment of the impact of signal preprocessing techniques, including Butter-
worth filtering, EMA smoothing, and Z-score normalization, on the accuracy and
generalization capability of deep learning-based battery state estimators.

3. The development and validation of a ResNet-based framework for SoH classification,
capable of extracting discriminative degradation-related features from multivariate
battery measurements.

4. A realistic end-to-end SoC–SoH estimation pipeline, in which SoH classification relies
on previously estimated rather than ground-truth SoC values, enabling quantitative
analysis of uncertainty propagation and practical deployment limitations in real-world
BMS implementations.

The remainder of this paper is organized as follows. Section 2 presents the background
on lithium-ion batteries, BMS operation, and state estimation methods. Section 3 describes
the results, namely the neural network architectures, the preprocessing techniques, the
experimental methodology considered in this study, and lists the limitations of this work.
Section 4 details the discussion of the main findings obtained for SoC estimation, SoH
classification, and the integrated SoC–SoH framework. Finally, Section 5 summarizes the
main conclusions and outlines future research directions.

2. Materials and Methods
2.1. Background on Battery State Estimation

State of Charge represents the ratio between the remaining available capacity and the
maximum capacity of a battery and is commonly expressed as

SoC(t) =
Q(t)
Qm

·100% (1)

where Q(t) is the remaining capacity and Qm is the maximum available capacity. Equa-
tion (2) corresponds to the conventional Coulomb-counting approach, one of the most
widely adopted methods for SoC estimation in BMS [15,16].

SoC(t) = SoC(t0) +
η

Cn

∫ t

t0

I(t)dt (2)

where Cn denotes rated capacity, I(t) is the instantaneous discharge current of the bat-
tery and η is the coulombic efficiency. Accurate SoC estimation is essential for energy
management, range prediction, and safe battery operation.

State of Health describes the degradation level of a battery relative to its beginning-of-
life condition and is typically associated with capacity fade or resistance increase [17]. The
SoH metric based on capacity retention is commonly expressed as Equation (3), commonly
used in battery-health estimation studies [18].

SoH =
Qmax
QBOL

·100% (3)
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where QBOL and Qmax denote the beginning-of-life and current maximum capacities, re-
spectively. Unlike SoC, which varies on a short timescale, SoH evolves slowly and reflects
long-term battery degradation. Consequently, SoH classification usually requires extracting
degradation-related information from extended operational histories.

Battery-state estimation methods are generally divided into model-based and data-
driven approaches. While model-based techniques rely on equivalent-circuit or electro-
chemical models, data-driven methods employ machine learning algorithms to learn the
nonlinear relationships between measurable variables such as voltage, current, temperature,
SoC, and battery ageing indicators. Recent studies have demonstrated the potential of
deep learning approaches for both SoC estimation and SoH assessment, motivating the
framework investigated in this work.

Battery-State Estimation Approaches

Estimating the SoC and SoH of lithium-ion batteries remains a challenging task due
to the highly nonlinear and time-varying electrochemical processes governing battery
behaviour. Existing estimation approaches are commonly categorized into model-based
and data-driven methods, as summarized in Figures 1 and 2.

Figure 1. Main SoC estimation methods.

 
Figure 2. Main SoH estimation methods.

Model-based approaches rely on electrochemical or equivalent-circuit representations
of the battery and often require accurate parameter identification. While these methods can
provide physically interpretable results, their performance may degrade under varying
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operating conditions, ageing mechanisms, and environmental factors. In contrast, data-
driven approaches learn the relationship between measurable variables, such as voltage,
current, and temperature, and battery state indicators directly from experimental data,
avoiding the need for explicit physical modelling [14,15].

Recent advances in machine learning have significantly increased the adoption of data-
driven methodologies in battery-state estimation. Techniques ranging from support vector
machines and fuzzy inference systems to deep learning architectures have been successfully
applied to SoC prediction and SoH classification. Among these approaches, artificial neural
networks have demonstrated effectiveness in capturing nonlinear temporal dependencies
and degradation patterns from large-scale battery datasets. Consequently, this work focuses
on deep learning-based models, specifically Long Short-Term Memory (LSTM) networks
for SoC estimation and Residual Neural Networks (ResNets) for SoH classification.

2.2. Deep Learning Architectures

Deep learning models have demonstrated remarkable capabilities for battery state
estimation due to their ability to learn nonlinear relationships directly from experimental
data. Among the available architectures, recurrent neural networks are particularly suitable
for SoC estimation because they can exploit temporal dependencies in sequential measure-
ments, whereas convolutional architectures are effective for extracting degradation-related
features associated with SoH.

2.2.1. Long Short-Term Memory Networks

Long Short-Term Memory (LSTM) networks are an advanced form of Recurrent Neural
Network (RNN) specifically designed to capture long-term temporal dependencies while
mitigating the vanishing-gradient problem encountered in conventional RNNs [19,20].
Through gated memory cells, LSTMs selectively retain and update temporal information,
making them well suited to battery applications where the current state depends on
previous operating conditions.

Because SoC evolution is inherently sequential and depends on previous current,
voltage, and temperature measurements, recurrent neural network architectures have
been widely adopted for battery SoC estimation. Among them, Long Short-Term Memory
(LSTM) networks are one of the most frequently reported approaches due to their ability
to capture long-term temporal dependencies. Although Gated Recurrent Unit (GRU)
networks have demonstrated competitive and, in some cases, superior performance under
specific conditions [21], particularly when data availability is limited, the literature does
not provide a consistent consensus regarding the superiority of either architecture for
time-series forecasting tasks [20]. Consequently, considering their extensive use and proven
effectiveness in battery-state estimation applications, LSTM networks were selected as the
core architecture for SoC prediction in this work. A comparative assessment between LSTM
and GRU architectures is considered an interesting direction for future research.

2.2.2. Residual Neural Networks

Residual Neural Networks (ResNets) extend conventional convolutional neural net-
works by introducing residual connections that facilitate gradient propagation during
training [12,22]. Instead of directly learning the target mapping, each residual block learns
a residual function F(x), allowing the network output to be expressed as

H(x) = F(x) + x (4)

where x denotes the input features.
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This mechanism improves training stability and enables the extraction of hierarchical
features from complex datasets. In battery-state estimation, these characteristics are partic-
ularly useful for identifying degradation patterns associated with ageing processes. For
this reason, a ResNet-based architecture was adopted in this work for SoH classification.

2.3. Battery Datasets

To evaluate the proposed framework under heterogeneous operating conditions, three
lithium-ion battery datasets covering different cell chemistries, form factors, capacities,
and test conditions were considered. The LG Chem E66 and Panasonic NCR18650PF
datasets were used for SoC estimation, formulated as a regression problem, whereas the
GS Yuasa LEV50 dataset was employed for SoH estimation, formulated as a multi-class
classification task.

2.3.1. LG Chem E66 Dataset

The experimental dataset consists of measurements collected from twelve fresh LG
Chem E66 lithium-ion pouch cells (C1–C12), each with a nominal capacity of 66 Ah. Current,
voltage, temperature, and ampere-hour data were acquired during controlled laboratory
testing and driving-cycle experiments. Most tests were sampled at 10 Hz, while the
Galvanostatic Intermittent Titration Technique (GITT) experiments were recorded at 1 Hz.
The dataset includes capacity, HPPC, RCID, and GITT tests, together with Fiorano and
Nürburgring driving cycles, providing a broad range of operating conditions for model
development and evaluation. These experiments were specifically designed to capture
both the slow electrochemical dynamics and the transient behaviour of the cells under
realistic operating conditions. The battery dataset comprises several laboratory tests and
real driving cycles, summarized in Table 1.

Table 1. Summary of the experimental tests and driving cycles in the LG Chem E66 battery dataset.

Test Type Objective Characteristics

Capacity Characterization of capacity
and slow dynamics

Constant-current charge/discharge
cycles at different C-rates

HPPC Dynamic power capability Charge/discharge current pulses
with rest periods

RCID Internal dynamics and rate
capability

Multiple charging/discharging
sequences at different C-rates

GITT Voltage relaxation and
diffusion processes

Short pulses followed by
relaxation intervals

Fiorano Real driving profile High-power dynamic current profile

Nürburgring Real driving profile Aggressive racing-oriented
current profile

The complete dataset contains measurements from twelve independent cells. Follow-
ing the protocol adopted in this study, the dataset was partitioned at the cell level. All data
from cell C1 were used for training, while data from cells C2–C12 were reserved for model
evaluation. This strategy was adopted to assess the ability of the proposed approach to
generalize to previously unseen cells of the same battery type. Cell C1 was selected as the
training source because it contains the largest number of available operational profiles in
the dataset, providing sufficient data for model development. Additionally, two tests from
cell C2 (the capacity test at 10 ◦C and the RCID test at 40 ◦C) were used exclusively for
validation and hyperparameter tuning, while the remaining data were reserved for final
testing. Input variables consisted of voltage, current, and temperature, whereas SoC values
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were used as ground-truth targets. This dataset was primarily used to evaluate model
generalization across different cells and operating temperatures.

2.3.2. Panasonic NCR18650PF Dataset

The second dataset used in this work corresponds to the Panasonic NCR18650PF
lithium-ion cell dataset originally published by Kollmeyer et al. [23]. The dataset was
acquired from a cylindrical 2.9 Ah lithium-ion cell subjected to a series of standardized
driving cycles under controlled laboratory conditions. Measurements were collected at
ambient temperatures ranging from −20 ◦C to 25 ◦C, enabling the assessment of battery
behaviour under a wide range of operating environments.

Testing was performed using high-precision instrumentation inside a temperature-
controlled chamber with a stability of ±0.5 ◦C. Current, voltage, and temperature signals
were acquired at 10 Hz and subsequently downsampled to 1 Hz for data processing. The
driving profiles were derived from representative electric vehicle operating conditions
and included standard cycles such as US06, HWFET, UDDS, and LA92, together with a
custom Neural Network (NN) cycle specifically designed to introduce additional dynamic
operating conditions.

The input features consist of voltage, current, temperature, and filtered versions of the
voltage and current signals obtained using Butterworth filters. Ground-truth SoC values
were generated through coulomb counting and used as target labels. All variables were
normalized to the [0, 1] range prior to model training.

Following the partitioning strategy proposed in [23], training data consisted of Cycles
1–4 and the US06 driving cycle, while validation data corresponded to the LA92 cycle at
−10 ◦C. Testing was performed using the completely independent LA92, NN, and UDDS
drive cycles, which were not used during model development. This cell-level partitioning
strategy prevents data leakage and enables the evaluation of model generalization under
previously unseen operating conditions and temperature scenarios.

The Panasonic dataset was employed as an independent benchmark to assess the ro-
bustness and architecture reusability of the proposed SoC estimation methodology beyond
the LG Chem E66 dataset.

2.3.3. GS Yuasa LEV50 Dataset

The third dataset employed in this work was used for the development and evaluation
of the SoH estimation models. Unlike the previous datasets, which focus on SoC estimation,
this dataset was specifically designed for battery health assessment and formulates the
problem as a multi-class classification task.

The LEV50 dataset is not derived from direct experimental ageing measurements
but from a validated Simulink battery model designed to reproduce the dynamic and
degradation behaviour, under realistic operating conditions, of the GS Yuasa LEV50 lithium-
ion cells (50 Ah, nominal voltage 3.75 V) manufactured by GS Yuasa Corporation, Kyoto,
Japan. The simulation repeatedly combines WLTP driving cycles, 2C fast-charging events,
and periodic capacity measurements. Battery ageing is represented through Equivalent
Full Cycles (EFCs), while measurement uncertainty is emulated by adding controlled noise
to voltage and temperature signals. This approach provides a controlled environment
for studying uncertainty propagation effects while maintaining consistency across ageing
conditions and operating temperatures.

The available variables include voltage, current, temperature, SoC, and SoH. To
emulate realistic measurement conditions, uniformly distributed noise was added to the
voltage and temperature signals. The dataset includes simulations corresponding to EFC
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values of 0, 100, 200, 300, 400, 500, 600, 700, 800, 900, and 1000, covering the battery lifetime
from a fresh cell to a significantly aged condition.

The dataset partition was performed according to temperature conditions rather
than by random sample allocation. The training subset included temperatures of −20 ◦C,
−10 ◦C, 0 ◦C, 10 ◦C, 20 ◦C, 25 ◦C, 35 ◦C, 40 ◦C, 50 ◦C and 60 ◦C. Validation was conducted
exclusively at 55 ◦C, a temperature deliberately excluded from the training subset to
monitor generalization under unseen thermal conditions during hyperparameter tuning.
The testing subset comprised additional unseen temperatures (−15 ◦C, −5 ◦C, 5 ◦C, 15 ◦C,
30 ◦C and 45 ◦C), providing an independent evaluation of model performance across
operating conditions not used during training.

Each simulation test contains 2421 samples acquired at a sampling frequency of 1 Hz,
corresponding to approximately 40 min of battery operation. To make the data suitable for
deep learning processing, the input sequences were reorganized into fixed-length windows
of 269 samples. Since each sample represents one second of operation, each input window
corresponds to approximately 269 s (4.5 min) of battery behaviour.

The selected window length represents a compromise between capturing sufficient
temporal information to characterize battery dynamics and maintaining a practical obser-
vation period for potential BMS applications. Shorter windows may fail to capture relevant
temporal dependencies, whereas significantly longer windows would increase the time
required before a reliable prediction can be generated.

As the LEV50 dataset was provided in a pre-processed form, detailed information
regarding the original sliding-window implementation, including stride and overlap pa-
rameters, was not available. Nevertheless, all experiments were conducted using the same
dataset partitions and preprocessing procedure to ensure a consistent and fair comparison
between the reference and cascaded SoC–SoH evaluation scenarios.

The SoH values were grouped into four classes: Class 1 (95% ≤ SoH ≤ 100%), Class 2
(90% ≤ SoH < 95%), Class 3 (85% ≤ SoH < 90%), and Class 4 (80% ≤ SoH < 85%). Fol-
lowing the original dataset partitioning strategy, the training set contains data from tem-
peratures between −20 ◦C and 60 ◦C, the test set includes intermediate unseen temper-
atures, and the validation set is composed of data collected at 55 ◦C. This partitioning
strategy enables the evaluation of the proposed methodology under different ageing and
temperature conditions.

This dataset was employed to investigate the impact of SoC estimation uncertainty on
subsequent SoH classification performance.

2.3.4. Summary of Datasets

Table 2 summarizes the main characteristics of the datasets employed in this work,
including cell type, capacity, estimation task, input variables, and data partitioning strategy.

Table 2. Characteristics of Datasets.

Dataset Cell Type Capacity Task Inputs Output

LG Chem E66 Pouch 66 Ah SoC estimation V, I, T SoC

Panasonic NCR18650PF Cylindrical 2.9 Ah SoC estimation V, I, T + filtered signals SoC

GS Yuasa LEV50 Prismatic 50 Ah SoH Classification V, I, T, SoC SoH Class

2.4. SoC Estimation Framework

Accurate SoC estimation constitutes the first stage of the proposed methodology and
provides the input information required for the subsequent SoH classification framework.
Therefore, the objective was not only to achieve high SoC estimation tolerance-based
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accuracy, but also to obtain a robust estimator capable of maintaining its performance
under different operating conditions and battery datasets.

Several neural network architectures were initially evaluated, including Feedforward
Neural Networks (FNNs), Recurrent Neural Networks (RNNs), Convolutional Neural
Networks (CNNs), and Long Short-Term Memory (LSTM) networks. Different prepro-
cessing techniques, activation functions, optimization algorithms, and hyperparameter
configurations were also investigated. Among all evaluated alternatives, LSTM-based
architectures consistently achieved the best trade-off between estimation tolerance-based
accuracy, training stability, and generalization capability. Consequently, the final SoC esti-
mation framework was developed using an LSTM network combined with signal filtering
and feature engineering techniques.

The framework was first optimized using the LG Chem E66 dataset and subsequently
evaluated on the independent Panasonic NCR18650PF dataset. This dual-dataset eval-
uation strategy enables the assessment of both estimation of tolerance-based accuracy
and applicability across independent datasets of different battery technologies, operating
conditions, and driving profiles.

2.4.1. Data Preprocessing

To improve the quality of the input signals and enhance the extraction of temporal
battery dynamics, voltage and current measurements were processed using first-order
Butterworth low-pass filters. These filters attenuate high-frequency noise while preserving
the low-frequency information associated with the electrochemical behaviour of the battery.
These filters were implemented using a causal first-order recursive formulation. Conse-
quently, the filter can be deployed in real-time battery-state estimation with a limited phase
delay associated with the selected cut-off frequencies.

The filter transfer function is given by

H( f ) =
1√

1 + ε2
(

f
fc

)2n
(5)

where f is the signal frequency, fc is the cut-off frequency, ε is the passband ripple coefficient,
and n is the filter order. In this work, a first-order Butterworth filter (n = 1) was adopted,
and two cut-off frequencies were evaluated to capture battery dynamics at different time
scales (f1 = 0.5 mHz, f2 = 3 mHz). The effect of the cut-off frequencies can be summarized
as follows:

• Lower cut-off frequencies: Leads to stronger attenuation of high-frequency compo-
nents, resulting in a smoother signal that captures long-term trends.

• Higher cut-off frequencies: Let more of the high-frequency components to pass
through, making the signal more responsive to rapid changes but potentially in-
troducing more noise.

Following the filtering stage, all input variables were standardized using Z-score
normalization:

xnorm =
x − x̄

σx
, (6)

where x is the original variable, x̄ is its mean value, and σx is its standard deviation.

2.4.2. Input Feature Selection

Different combinations of raw and filtered measurements were evaluated to determine
the most informative input representation. Table 3 summarizes the feature configurations
investigated during the experimental phase.
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Table 3. Different input configurations.

Input Configuration Inputs ∅k

Original ∅k = [Vk, Ik, Tk]
Conf. 1 ∅k = [Vk, Ik, Tk, VEMA,k, IEMA,k, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k]
Conf. 2 ∅k = [Tk, VEMA,k, IEMA,k, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k]
Conf. 3 ∅k = [Tk, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k]
Conf. 4 ∅k = [Vk, Ik, Tk, VEMA,k, IEMA,k]
Conf. 5 ∅k = [Vk, Ik, Tk, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k]

Among the evaluated alternatives, Configuration 5 achieved the highest validation
performance and was therefore selected for the final model. This configuration combines
the original voltage, current, and temperature measurements with two sets of Butterworth-
filtered voltage and current signals:

∅k = [Vk, Ik, Tk, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k], (7)

The inclusion of filtered signals allows the network to simultaneously exploit instantaneous
measurements and slower battery dynamics contained in the low-frequency components.

2.4.3. LSTM Architecture and Training Procedure

The final SoC estimator consists of a single hidden LSTM layer containing 22 memory
units, followed by a fully connected output layer that generates the SoC prediction.

The network was trained using the Adam optimizer with a learning rate of 0.01 and
Mean Squared Error (MSE) as loss function:

MSE =
1
N∑N

i=1 (yi − ŷi)
2, (8)

The validation MSE was used as the optimization objective during the exploratory
Optuna tuning process. Input sequences of 15 timesteps were employed, enabling the
model to exploit short-term temporal dependencies in battery behaviour. Training was
performed for up to 50 epochs with a batch size of 64, using the Adam optimizer, with a
learning rate set to 0.01.

To improve convergence and reduce overfitting, Early Stopping with a patience of
5 epochs and an adaptive learning-rate strategy were implemented. The learning rate was
reduced automatically by a factor of 0.1 when the validation loss reached a predefined
threshold of 6.5 × 10−5 when the model reaches a plateau in terms of improvement,
allowing finer weight adjustments during the final training stages (Figure 3).

Figure 3. Training and validation loss plot for the LG dataset. Best validation loss performance
of 6.5 × 10−5 was achieved at epoch 12.

Class-dependent weights were incorporated into the categorical cross-entropy loss
function to mitigate the moderate class imbalance observed in the training dataset. The
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adopted weights were selected empirically to improve the representation of minority classes
during training and should not be interpreted as theoretically optimal coefficients derived
from Bayesian risk-minimization principles.

The final architecture and hyperparameter configuration are summarized in Table 4.

Table 4. Final neural network architecture and hyperparameters for the LG Dataset.

LSTM Neural Network

Input configuration (Conf. 5) ∅k = [Vk, Ik, Tk, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k]

Hidden layers 1

Units in the hidden layer 22

Timesteps 15

Loss function MSE

Loss function optimizer ADAM

Learning Rate 0.01

Training epochs 50

Butterworth filter

Cut-off frequency 1 0.5 mHz

Cut-off frequency 2 3 mHz

Optuna v3.6.0 was employed as an auxiliary tool to explore the influence of selected hy-
perparameters and to identify promising parameter ranges during the model development
stage. However, the objective of this work was not to conduct an exhaustive hyperparame-
ter optimization study. Due to the large search space and computational constraints, only
a subset of parameters was explored automatically, while the final model configurations
were selected based on the overall experimental performance and engineering judgement.
Therefore, the reported results should be interpreted as representative configurations used
to evaluate the proposed methodology rather than globally optimal solutions.

2.4.4. Performance Evaluation

Model performance was primarily assessed using a tolerance-based accuracy indicator,
while MSE was employed during model training. Although regression metrics such as
MAE, RMSE, and MSE are widely used for SoC estimation, several BMS-oriented studies
also report tolerance-based accuracy metrics that quantify the proportion of estimates lying
within a predefined error band. Such metrics provide a practical interpretation of estimation
performance because many battery-state estimation functions require SoC estimates to
remain within a specific accuracy threshold rather than minimizing the average error
alone. Therefore, the tolerance-based accuracy metric adopted in this work complements
conventional regression measures by evaluating compliance with a ±3% SoC tolerance
requirement. Although MSE was used during training, the primary evaluation metric was
defined as Within-Band Accuracy (WBA) as the percentage of predictions lying within a
±3% error band around the reference SoC value:

WBA =
N·(|SoCtrue − SoCpred| < 3)

Ntotal
× 100 (9)

The ±3% tolerance threshold was selected because SoC estimation errors below this
level are commonly regarded as acceptable for practical BMS applications and are frequently
reported in the literature as a representative performance target.

https://doi.org/10.3390/electronics15173823

https://doi.org/10.3390/electronics15173823


Electronics 2026, 15, 3823 12 of 26

Accordingly, the Within-Band Accuracy (WBA) metric is defined as the proportion
of predictions falling within the ±3% error band around the reference SoC value. This
metric complements conventional regression measures by providing a practical indicator
of compliance with a predefined estimation-accuracy requirement rather than reflecting
the magnitude of the prediction error itself.

3. Results
3.1. LG-CHEM 66 Results

The performance of the proposed framework was evaluated across different temper-
ature ranges. The analysis first considered cells operating under positive temperatures
and was subsequently extended to negative-temperature conditions to assess the model’s
generalization capability beyond the training domain. The final LSTM model based on
Configuration 5 was compared with several alternative input configurations as well as with
a more sophisticated architecture combining CNN, bidirectional LSTM, and an attention
mechanism inspired by [24,25]. The average estimation accuracies obtained across all test
conditions are summarized in Table 5.

Table 5. Evaluation of NN architectures. Average test tolerance-based accuracy (%) across different
Temp. ranges.

Average Test Accuracy (%)

LSTM model,
original inputs

LSTM model,
Config. 1

LSTM model,
Config. 2

LSTM model,
Config. 3

LSTM model,
Config. 4

LSTM model,
Config. 5

CNN1D + BiLSTM +
Attention Mechanism

Positive Temperatures

69.65 79.82 78.08 76.33 73.40 84.48 52.14

Negative Temperatures

20.77 28.35 55.35 24.57 26.47 40.56 15.99

Total

56.08 65.52 71.76 61.96 60.37 72.28 42.10

Table 5 shows that Configuration 5 achieved the highest overall performance, reaching
an average tolerance-based accuracy of 72.28% across all test conditions. For positive-
temperature tests, the model attained 84.48% tolerance accuracy, outperforming both the
original-input LSTM model and the CNN1D + BiLSTM + Attention architecture. The
experimental results suggest that, for the architectures and datasets considered in this work,
signal preprocessing may have a greater influence on performance than further increases
in network complexity.

The results demonstrate that the proposed methodology retains a measurable predic-
tive capability when evaluated under previously unseen operating conditions. However,
a substantial performance degradation is observed at negative temperatures, where the
within-band accuracy decreases from 84.48% to 40.56%. This behaviour suggests that the
model remains sensitive to conditions outside the temperature range represented during
training and highlights the importance of temperature diversity in battery datasets.

Overall, these findings demonstrate that the proposed LSTM-based framework, com-
bined with the selected input configuration, provides stable performance across a wide
range of operating conditions. Moreover, the ability to maintain an overall tolerance-based
accuracy above 72% when evaluated on both seen and unseen temperature ranges supports
the robustness of the proposed approach.

Representative prediction examples obtained with Configuration 5 at different tem-
peratures are presented in Figures 4 and 5.
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(a) 

 
(b) 

 
(c) 

Figure 4. LG battery SoC prediction on ‘Capacity’ test for C2 at 10 ◦C: (a) error distribution;
(b) prediction error; (c) SoC prediction. The green dashed lines in (a,b) indicate the ±0.03 error
margin. The diamond marker in (c) denotes the 98.70% prediction accuracy achieved in this test.

3.2. PANASONIC 18650 Dataset

Building upon the insights obtained from the LG-CHEM dataset, the proposed method-
ology was further evaluated using the Panasonic 18650 battery dataset. This second dataset
was employed as an independent validation benchmark to assess the architecture reusabil-
ity of the proposed framework and its applicability beyond the original training domain.

The neural network architecture selected from the previous study was retained with
minimal modifications. Specifically, the final model consisted of a single LSTM hidden
layer with 22 units followed by a fully connected output layer. In contrast to the LG-
CHEM dataset, the Panasonic dataset was provided with pre-processed signals, including
Butterworth low-pass filtering at two cutoff frequencies. Figure 6 illustrates the differences
between the raw and filtered voltage and current measurements.

Although the original data were normalized within the range [0, 1], Z-score stan-
dardization was applied before training, following the findings obtained in the LG-CHEM
analysis regarding improved convergence behaviour and training stability. The selected
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input configuration (Configuration 3), Equation (10), follows the methodology proposed in
the original Panasonic study and incorporates temperature measurements together with
the two filtered versions of voltage and current.

∅k = [Tk, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k], (10)

The training procedure remained consistent with that employed for the LG-CHEM
dataset. Early stopping with a patience of five epochs was implemented to mitigate
overfitting, and an adaptive learning-rate reduction strategy was applied whenever the
validation loss reached a plateau. This ensured methodological consistency and facilitated
a meaningful comparison between both datasets.

(a) 

(b) 

 
(c) 

Figure 5. LG battery SoC prediction on ‘Capacity’ test for C3 at 60 ◦C: (a) error distribution;
(b) prediction error; (c) SoC prediction. The green dashed lines in (a,b) indicate the ±0.03 error
margin. The diamond marker in (c) denotes the 71.98% prediction accuracy achieved in this test.
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(a) 

 
(b) 

Figure 6. Comparison between filtered and unfiltered voltage and current signals using Butterworth
filters with cutoff frequencies of 0.5 mHz and 5 mHz: (a) normalized voltage; (b) normalized current.

3.3. PANASONIC 18650 Results

The proposed model achieved an overall estimation tolerance-model accuracy of
98.54% on the Panasonic test dataset, as shown in Figure 7. This result confirms the
suitability of the selected LSTM architecture for SoC estimation and demonstrates that the
methodology can be successfully reusable to an independent dataset.

Unlike the LG-CHEM dataset, where separate operating conditions enabled a detailed
performance analysis across different temperature ranges and test scenarios, the Panasonic
dataset was provided as a single consolidated test set. Consequently, no breakdown of
performance according to specific operating conditions could be performed. Neverthe-
less, the reported tolerance-based accuracy provides a global assessment of the model’s
predictive capability.

The prediction errors were concentrated around zero, with most estimates remaining
within a ±3% interval of the reference values. This narrow error distribution indicates
stable model behaviour and a high degree of consistency in the estimation results.

It should be noted, however, that direct comparison with the LG-CHEM results should
be conducted with caution. The Panasonic dataset benefited from extensive preprocessing,
including pre-filtered input signals, and exhibits a more curated structure than the LG-
CHEM dataset. These characteristics likely contributed to the higher tolerance-based
accuracy achieved. Therefore, the outcomes should not be interpreted solely as evidence
of superior model performance, but also as an indication of the influence that dataset
characteristics and signal quality can have on the final SoC estimation tolerance accuracy.

Overall, the successful deployment of the same LSTM architecture on two independent
battery datasets supports the robustness and methodological generality of the proposed
methodology. Together with the LG-CHEM results, these findings indicate that data quality,
preprocessing strategy, and training-data representativeness may have a greater influence
on battery SoC estimation performance than further increases in network complexity.
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(b) 

 
(c) 

Figure 7. Evaluation results obtained on the Panasonic 18650 Li-On battery: (a) prediction error
distribution; (b) prediction error; (c) SoC prediction. The green dashed lines in (a,b) indicate the
±0.03 error margin. The diamond marker in (c) denotes the 98.54% prediction accuracy achieved in
this test.

3.4. SOH Estimation and Impact of SoC Prediction Errors
3.4.1. LEV50 Dataset and Data Preprocessing

The LEV50 dataset was employed to evaluate the proposed battery SoH classifica-
tion framework and to analyze the influence of SoC estimation errors on the final SoH
classification performance.

The LEV50 dataset provides both SoC and SoH values generated independently by
the battery simulation model. During training, the SoH classifier used the reference SoC
obtained directly from the simulator. To evaluate uncertainty propagation in a cascaded
architecture, the reference SoC was replaced during the testing phase by the SoC estimated
by the LSTM network.

Prior to training, a preprocessing stage was applied to improve model robustness and
reduce potential sources of bias. As shown in Figure 8a, the dataset exhibited a moderate
class imbalance, with certain SoH classes being more represented than others. To com-
pensate for this effect, class-dependent weights were assigned during training, increasing
the penalty associated with errors in underrepresented classes (Figure 8b). This strategy
encouraged the model to learn more representative features across all health categories.
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(a) (b) 

Figure 8. (a) Class distribution of the LEV50 dataset (b) Assignment of class weights used
during training.

Similarly to the LG-CHEM and Panasonic datasets, Z-score standardization was ap-
plied to all input variables. Although the original measurements were already normalized
to the range [0, 1], previous experiments showed that standardization improved conver-
gence stability and facilitated gradient-based optimization.

3.4.2. ResNet-Based SoH Classification Framework

To perform SoH classification, a one-dimensional residual neural network inspired
by the ResNet architecture was adopted. Residual connections were selected because
they facilitate feature propagation through deeper networks while mitigating optimization
difficulties typically associated with conventional convolutional architectures.

The proposed model consists of three main stages, illustrated in Figure 9.

• Input Block. The input stage comprises a one-dimensional convolutional layer with
16 filters, followed by layer normalization and a max-pooling layer. This block extracts
low-level temporal features while reducing the dimensionality of the input sequence.

• Residual Blocks. The feature-extraction stage is composed of two residual blocks,
each containing a main branch and a shortcut branch connected through residual
summation. In the first residual block, the main branch applies two consecutive one-
dimensional convolutional layers with 16 and 32 filters, respectively, each followed by
layer normalization. The shortcut branch includes a 32-filter convolution and layer
normalization to match feature dimensions prior to summation. The second residual
block follows the same structure while increasing the number of filters from 32 to 64,
enabling the extraction of more discriminative feature representations.

• Classification Block. The final stage consists of a global average pooling layer followed
by a fully connected classification layer. A softmax activation function converts the
output scores into class probabilities corresponding to the different SoH categories.

Input sequences were organized using windows of 269 samples, corresponding to
approximately 4.5 min of battery operation. This duration was experimentally selected
as a compromise between capturing meaningful temporal dynamics and maintaining
computational efficiency.

3.4.3. Training Procedure and Evaluation Metrics

The model was trained using categorical cross-entropy as the loss function and the
Adam optimizer with a batch size of 64. Training was performed for 900 epochs. Unlike the
SoC estimation models presented previously, no early-stopping or adaptive learning-rate
scheduling strategies were applied.
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To evaluate model performance, Accuracy (Equation (11)), Precision (Equation (12)),
Recall (Equation (13)) and F1-score (Equation (14)) were considered:

Accuracy =
TP + TN

TP + FP + TN + FN
(11)

Precision =
TP

TP + FP
(12)

Recall =
TP

TP + FN
(13)

F1 score = 2· Precision · Recall
Precision + Recall

(14)

These metrics were computed from the confusion matrix, where TP, TN, FP and FN
denote true positives, true negatives, false positives and false negatives, respectively.

 

Figure 9. Resnet proposed architecture to perform SoH classification.
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Although all metrics are reported for completeness, overall classification accuracy was
considered the primary performance indicator throughout this study.

3.4.4. SoH Classification Using Reference SoC Values

As a first experiment, the ResNet classifier was evaluated under ideal conditions using
the reference SoC values provided by the dataset. The input feature vector was therefore
defined as:

∅k = [V k, Ik, Tk, SoCk] (15)

The resulting confusion matrix is shown in Figure 10, while the corresponding classifi-
cation report is summarized in Table 6.

Figure 10. Confusion matrix obtained using reference SoC values.

The proposed model achieved an overall classification accuracy of 94.23%, with F1-
scores above 0.90 for all health categories. The best performance was obtained for Classes 1
and 4, which achieved F1-scores of 0.96 and 0.97, respectively.

These results demonstrate that the ResNet architecture can effectively exploit the
information contained in the SoC signal when accurate SoC measurements are available.

However, this scenario represents an upper performance bound rather than a real-
istic deployment condition, since direct SoC measurements are typically unavailable in
practical BMS.

Table 6. Classification report for the LEV 50 test dataset.

Class Precision Recall F1-Score

1 (95% ≤ SoH ≤ 100%) 0.97 0.95 0.96
2 (90% ≤ SoH < 95%) 0.93 0.91 0.92
3 (85% ≤ SoH < 90%) 0.90 0.92 0.91
4 (80% ≤ SoH < 85%) 0.95 0.99 0.97

Accuracy 0.94

3.4.5. SoC Estimation for the LEV50 Dataset

In practical applications, SoC must first be estimated from available measurements
such as voltage, current and temperature before being used for higher-level diagnostic tasks.
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Therefore, an independent SoC estimation stage was implemented using the LSTM-based
framework previously validated on the LG-CHEM and Panasonic datasets.

After evaluating several input configurations, the best results were obtained using
Configuration 2 (Table 7), which combines temperature measurements with Butterworth-
filtered and EMA-filtered voltage and current signals, as illustrated in Figure 11. The
selected architecture achieved an overall SoC prediction accuracy of 99.71% on the LEV50
test dataset (Figure 12). Figure 13 depicts the confusion matrix for SoC estimation.

 
(a) 

 
(b) 

Figure 11. Comparison between raw and filtered signals: (a) voltage; (b) current.

Table 7. Final neural network architecture and hyperparameters for the LEV50 Dataset.

LSTM Neural Network

Input configuration (Conf. 2) ∅k = [Tk, VEMA,k, IEMA,k, Vf 1,k, I f 1,k, Vf 2,k, I f 2,k]

Hidden layers 1

Units in the hidden layer 22

Timesteps 3

Loss function MSE

Loss function optimizer ADAM

Learning Rate 0.01

Training epochs 50

Butterworth filter

Cut-off frequency 1 5 mHz

Cut-off frequency 2 30 mHz

EMA filter

τ 200

https://doi.org/10.3390/electronics15173823

https://doi.org/10.3390/electronics15173823


Electronics 2026, 15, 3823 21 of 26

 
(a) 

 
(b) 

 
(c) 

Figure 12. SoC prediction results on the LEV50 test dataset: (a) prediction error distribution;
(b) prediction error with margins; (c) SoC prediction. The green dashed lines in (a,b) indicate
the ±0.03 error margin. The diamond marker in (c) denotes the 99.71% prediction accuracy achieved
in this test.

Figure 13. Confusion matrix obtained for the SoC estimation task.
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3.4.6. SoH Classification Using Estimated SoC Values

To reproduce a realistic BMS deployment scenario, the reference SoC values were
replaced by the outputs generated by the LSTM-based SoC estimator. The resulting feature
vector becomes:

Σ∅k
′ =

[
V k, Ik, Tk, ŜoCk

]
, (16)

where ŜoCk denotes the estimated SoC value.
The classification results obtained under these conditions are summarized in Table 8.

Table 8. Classification report for the LEV50 dataset using estimated SoC values.

Class Precision Recall F1-Score

1 (95% ≤ SoH ≤ 100%) 0.98 0.73 0.84
2 (90% ≤ SoH < 95%) 0.73 0.90 0.81
3 (85% ≤ SoH < 90%) 0.64 0.80 0.74
4 (80% ≤ SoH < 85%) 0.95 0.68 0.75

Accuracy 0.79

The overall SoH classification accuracy decreased from 94.23% to 79.65% when esti-
mated SoC values were used instead of the reference measurements.

A detailed analysis reveals that Classes 1 and 4 preserve very high precision but
experience a substantial reduction in recall, indicating a more conservative classification
behaviour. In contrast, Classes 2 and 3 exhibit higher recall values coupled with lower
precision, suggesting an increased tendency to overpredict intermediate battery states.

Notably, this performance degradation occurs despite the SoC estimator achieving a
prediction accuracy of 99.71%. This observation indicates that even relatively small errors
in SoC estimation can propagate through the subsequent SoH classification stage and
significantly affect the final decision-making process.

3.5. Limitations

It should be noted that the SoH classifier was trained using the reference SoC generated
by the simulation model, whereas the cascaded evaluation employed LSTM-estimated SoC
values. Therefore, the reported reduction in classification performance reflects the practical
impact of replacing ideal SoC information with estimated SoC values, although part of
the observed degradation may also be associated with an input distribution shift between
training and deployment conditions.

The present work focuses on uncertainty propagation in a cascaded SoC–SoH estima-
tion framework rather than on feature selection for SoH classification. Therefore, a baseline
classifier excluding SoC was not considered. While such a comparison would provide
additional insight into the contribution of SoC information, it would not directly address
the main objective of the study, namely quantifying the effect of replacing ideal SoC values
with estimated SoC values on downstream SoH classification performance. Nevertheless,
this constitutes a limitation of the current work and will be investigated in future research
through feature-ablation analyses.

Furthermore, the adopted architecture follows a cascaded SoC–SoH paradigm and
therefore does not exploit the potential advantages of multitask-learning approaches, where
shared feature representations and joint optimization enable bidirectional interactions
between both tasks. Consequently, the present study does not provide a quantitative
comparison between cascaded and joint-learning frameworks, and the reported results
should not be interpreted as evidence that cascaded architectures outperform multitask-
learning alternatives.
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An important limitation of the present study is that the uncertainty-propagation analy-
sis was performed using the LEV50 dataset, which was generated from a validated battery
simulation model rather than from experimental ageing measurements. Although the
simulation framework incorporates realistic driving cycles, charging procedures, temper-
ature variations, ageing progression, and measurement noise, real batteries may exhibit
additional degradation mechanisms and variability not fully captured by the model. Con-
sequently, the observed reduction in SoH classification accuracy should be interpreted as
evidence of uncertainty-propagation effects within the evaluated simulation framework
and should be further validated using experimental long-term ageing datasets.

Hyperparameter selection was guided through an exploratory tuning process sup-
ported by Optuna. However, the objective of this work is not to provide a comprehensive
hyperparameter optimization study or to identify globally optimal configurations. In-
stead, the focus is placed on evaluating the impact of preprocessing strategies and SoC
estimation uncertainty within a cascaded SoC-SoH framework. Consequently, the selected
hyperparameters should be interpreted as representative configurations that enabled the
experimental assessment reported in this study rather than as optimal solutions.

Likewise, the weighting strategy adopted for class-imbalance mitigation was se-
lected empirically and was not derived from a formal Bayesian risk-minimization frame-
work. Although this approach proved effective for the purposes of the present study,
future work may investigate cost-sensitive learning strategies and theoretically grounded
weighting schemes.

4. Discussion
The experiments performed on the LEV50 dataset provide two main findings. First,

the proposed ResNet architecture achieves excellent SoH classification performance when
accurate SoC information is available, reaching an overall accuracy of 94.23%. This result
indicates that SoC contains information relevant to battery degradation and can effectively
support battery-health assessment when reliable charge-state information is provided.

Second, replacing measured SoC values with estimated SoC values reduces the SoH
classification accuracy to 79.65%, despite the SoC estimator achieving a tolerance-based
accuracy of 99.71%. This result indicates that even small deviations in an intermediate state
estimate can have a disproportionate effect on a downstream classification task.

From a system-level perspective, these results suggest that the performance of a
cascaded diagnostic framework cannot be assessed solely from the accuracy of its individual
components. The uncertainty characteristics of an intermediate estimation stage can directly
influence the reliability of subsequent diagnostic decisions. Consequently, improvements
in SoH classification performance may depend not only on the design of the SoH classifier
itself but also on the robustness and uncertainty characteristics of the preceding SoC
estimation process. This observation is consistent with recent reviews highlighting that
battery-state estimation accuracy is strongly influenced by data quality, model uncertainty,
operating conditions, and battery-ageing effects [10,11].

The inclusion of SoC information is motivated by the reported coupling between SoC
and SoH and its widespread use in practical BMSs. Previous studies have explored this
relationship through integrated estimation frameworks [13,14]. Wu et al. [13] reported
improved battery-state prediction through joint estimation, while Wei et al. [14] showed
that the battery ageing can significantly affect SoC estimation. In contrast, the present
study considers a cascaded architecture and explicitly evaluates the effect of SoC estimation
uncertainty on downstream SoH classification.

An important implication of these findings is that highly accurate SoC estimation alone
does not necessarily guarantee equivalent SoH classification performance. These results
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suggest that preserving degradation-relevant information throughout the estimation chain
may be as important as minimizing the SoC estimation error itself. Therefore, the future
battery diagnostic systems should consider not only estimation accuracy metrics but also
the robustness of information transfer between successive battery-state estimation stages.

The uncertainty-propagation analysis was conducted using the validated GS Yuasa
LEV50 simulation dataset, whereas the SoC estimation framework was evaluated using
experimental LG Chem E66 and Panasonic NCR18650PF datasets.

5. Conclusions and Future Work
This work investigated the impact of SoC estimation uncertainty on downstream

SoH classification within a cascaded battery-management framework. The results show
that accurate SoC estimation does not necessarily translate into equivalent SoH classi-
fication performance when the estimated state is subsequently used by a downstream
diagnostic model.

The comparison between reference and estimated SoC inputs demonstrates that the
reliability of a cascaded battery-state estimation system depends not only on the accu-
racy of individual models but also on the robustness of the information transferred be-
tween successive stages. Within the architectures and datasets evaluated in this study,
signal preprocessing and input representation also showed a substantial influence on
estimation performance.

From a practical BMS perspective, these findings highlight the importance of evalu-
ating uncertainty propagation when designing cascaded data-driven diagnostic systems.
In particular, intermediate estimation errors should be considered when assessing the
reliability of subsequent battery-health decisions.

The main limitation of this study is that the SoH uncertainty-propagation analysis
was conducted using a validated simulation dataset rather than experimental ageing data.
Future work should therefore evaluate the proposed cascaded framework using real battery-
ageing datasets and investigate approaches that explicitly account for intermediate-state
uncertainty, including joint SoC–SoH learning strategies.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
ANN Artificial Neural Network
BOL Beginning of Life
BiLSTM Bidirectional Long Short-Term Memory
BMS Battery Management System
CNN Convolutional Neural Network
CNN1D One-Dimensional Convolutional Neural Network
EFC Equivalent Full Cycles
EMA Exponential Moving Average
EV Electric Vehicle
FN False Negative
FNN Feedforward Neural Network
FP False Positive
GITT Galvanostatic Intermittent Titration Technique
GRU Gated Recurrent Unit
HPPC Hybrid Pulse Power Characterization
HWFET Highway Fuel Economy Test
LA92 LA92 Unified Dynamometer Driving Schedule
LSTM Long Short-Term Memory
MSE Mean Squared Error
NN Neural Network
RCID Rate Capacity Incremental Discharge
ResNet Residual Neural Network
RNN Recurrent Neural Network
SoC State of Charge
SoE State of Energy
SoH State of Health

TN True Negative
TP True Positive
UDDS Urban Dynamometer Driving Schedule
US06 US06 Supplemental Federal Test Procedure
WLTP Worldwide Harmonized Light Vehicles Test Procedure
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