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ABSTRACT

Lithium-ion batteries (Li-ion) are widely used in
various applications due to their high efficiency and
reliability. However, as these batteries are continuously
used, their performance gradually degrades over time,
making accurate estimation of the State of Health (SOH)
of increasing significance. One of the key challenges in
SOH estimation lies in the nature of the measurement
data collected during charge and discharge processes,
which is typically time-series data with large volume
and complexity. This results in increased computational
load and reduced efficiency of the estimation models.
To address this issue, this research proposes a data sim-
plification method using a resampling technique aimed
at identifying the optimal sampling level that maintains
estimation accuracy while reducing computational cost.
Four deep learning (DL) models are employed in this
work: Long Short-Term Memory (LSTM), Bidirectional
Long Short-Term Memory (Bi-LSTM), Attention-based
LSTM (ATT-LSTM), and Gated Recurrent Unit (GRU).
These models are trained and evaluated using public
battery datasets that contain complete charge-discharge
cycles. The proposed methods were tested with the
Oxford Battery Dataset, and the experimental results
demonstrate that the proposed approach achieves higher
estimation accuracy while significantly reducing compu-
tation time.

Keywords: Lithium-ion battery, State of Health, Deep
learning, Resampling

1. INTRODUCTION
Due to the severe growth of climate change caused

by increasing greenhouse gas emissions, especially from
the energy and transportation sectors, many countries
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around the world have begun taking action to curb these
emissions. One major step is the Paris Agreement,
which seeks to reduce the impact of climate change and
encourages nations to set long-term carbon-reduction
targets, thereby supporting a more environmentally
sustainable future. Other significant frameworks, such as
COP26 and the European GreenDeal, likewise emphasize
the transition to clean energy and a reduced reliance
on fossil fuels. To meet these goals, renewable energy
sources like solar andwind power have expanded rapidly,
together with the development of energy storage systems
(ESS) that store excess electricity for use during peak-
demand periods. At the same time, electric vehicles (EVs)
are becoming more popular as alternatives to traditional
fuel-powered vehicles. Currently, lithium-ion batteries
(Li-ion) are among the most popular battery types due
to their high energy density, lightweight construction,
and extended lifespan. Nevertheless, as they age, Li-ion
batteries gradually degrade through chemical and phys-
ical changes, leading to diminished performance that
can affect system safety and reliability. Consequently,
monitoring and estimating a battery’s state of health
(SOH) is essential for predicting its remaining useful life,
preventing unexpected failures, and enabling predictive
maintenance strategies.

In recent years, the challenge of estimating the SOH
of batteries has grown significantly, driven by the in-
creasing adoption of renewable energy systems, EVs, and
energy storage technologies. Batteries that are reliable
and accurately monitored throughout their lifetime are
crucial for these systems. As a result, SOH estimation has
become an active area of research, especially approaches
that learn directly from real-world battery data. Today,
physics-based models for SOH estimation are becoming
less reliable due to limitations in accuracy and flexibility.
This has led to a growing shift toward using machine
learning (ML) and artificial intelligence (AI) techniques
to build data-driven models instead[1]. One basic model
in the family of deep learning (DL) is the Artificial
Neural Network (ANN), which has been applied in the
estimation of various battery states such as the State of
Charge (SOC), SOH, and remaining useful life (RUL) [2].
In [3], a multi-layer Long Short-Term Memory (LSTM)
network combined with an attention mechanism was
proposed, and then a backpropagation neural network
was applied to integrate SOH estimations from different
parts of the charging curve. Gaussian Process Regression
(GPR) was used to reconstruct missing data, and an LSTM
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Fig. 1: Overall Framework of the Proposed Battery SOH Estimation.

model was trained to estimate SOH from a section of
the voltage sequence without relying on complex feature
extraction [4]. A hybrid Gated Recurrent Unit (GRU)-
CNN model was tested on NASA and Oxford datasets
and showed a maximum estimation error of no more
than 4.3% [5]. A separate evaluation comparing LSTM,
GRU, 1D-CNN, and CNN-LSTM models found that 1D-
CNN achieved the highest accuracy with the lowest
variance [6]. Autoencoders were combined with LSTM
to estimate SOH from voltage, current, and temperature
data [7]. Controllable Deep Transfer Learning (CDTL)
was used to estimate SOC in both short- and long-term
periods during early-stage degradation, using two LSTM
modules and a Multiple Domain Adaptation technique
to transfer knowledge from batteries with extensive
histories to new batteries with limited data [8]. The SOH-
KLSTM model, which fuses LSTM with the Kolmogorov-
Arnold Network (KAN), improved SOH estimation by
capturing both time-based patterns and nonlinear degra-
dation behavior [9]. The MC-CNN-TimesNet model
was developed to estimate the SOH and RUL of Li-ion
[10]. Apart from improving model architectures, feature
extraction is also a key focus in many studies. Research
[11] selected battery health features based on the area
under constant current charging and discharging voltage
curves across four types of Li-ion, showing a strong
correlation between these extracted features and SOH.
In [12], SOH was estimated using multiple features such
as constant voltage discharge time, incremental capacity
(IC), and differential thermal voltage (DTV) with a Bidi-
rectional Long Short-Term Memory (Bi-LSTM) model
incorporating an attention mechanism and achieved a

minimum test RMSE of 0.162%. Moreover, feature
extraction techniques that combine Differential Thermal
Analysis (DTA) and Incremental Capacity Analysis (ICA)
have been used to increase estimation accuracy [13]. The
analysis of IC curve peaks combined with other variables
has led to better SOH estimation results in [14] and [15].
A fusion-based method that integrates an OCV model
and ICA with an ANN was presented in [16]. In [17],
Fourier resampling was applied to process the signals,
resulting in more uniform and denoised inputs. These
processed signals were then used as model inputs, with
IC features specifically selected to improve the accuracy
of SOH estimation. The study in [18] introduced the
MSHHO-DELM framework, which combines IC analysis
with feature selection using Pearson correlation and
Random Forest. It applies an improved Harris Hawks
Optimization algorithm with multi-strategy mechanisms
to avoid local optima during training. This method
produced a lowest test RMSE of 0.32 on the Oxford
dataset. In [19], nine data-driven approaches for Li-ion
SOH estimation are compared. The method includes ICA
and feature extraction, then uses a variety of machine
learning algorithms to predict SOH. Two publicly avail-
able datasets are used to assess the models’ processing
time and estimation error. Results show thatMLmethods
offer faster processing than experimental techniques,
making them suitable for accelerating industrial battery
testing.

Although research in battery SOH estimation has
explored a wide range of model types and hybrid
model developments aimed at reducing estimation error,
another important perspective that can also improve
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performance lies in enhancing the quality of input
data before training. This includes reducing training
time, simplifying the input structure, and minimizing
computational complexity, which are crucial factors for
enabling real-world deployment of SOH models. The
overall framework of the proposed method utilized to
address these challenges is illustrated in Fig. 1. Despite
their importance, these aspects often remain underex-
plored in the existing literature. The related studies are
summarized in Table 1. The table compares whether each
study applied resampling techniques. For those that did,
it considers whether the sampling intervals were defined
with sufficient granularity to capture broader patterns
and trends.

It also compares the input and output variables
used in each study. This highlights a research gap in
previous works regarding the comprehensive selection
and analysis of resampling intervals. In summary, the
main contributions of this analysis are:

• Applying a resampling technique to reduce the
resolution of time-series data, making it more
manageable for model training and computation.

• Utilizing input features based on ICA and area
under the curve (AUC) extraction to enhance SOH
estimation.

• Comparing four DL models: LSTM, Bi-LSTM,
Attention-based LSTM (ATT-LSTM), and GRU to
identify the most effective model for estimating
SOH.

This article is organized into several sections. Section
2 presents the battery datasets used in this study.
Section 3 explains the feature extraction process based
on a data-driven approach. Section 4 describes the
DL models selected for SOH estimation, including the
techniques used for data handling. Section 5 presents the
comparative performance of all four models across the
different resampling intervals. Section 6 concludes the
study.

2. BATTERY DATASETS

TheOxford Battery Degradation Dataset 1, containing
aging data from eight 740 mAh Kokam SLPB533459H4
Li-ion pouch cells, was employed in this study. All
tests were conducted in a thermal chamber maintained
at a constant temperature of 40 ∘C. The cells un-
derwent a constant-current–constant-voltage (CC–CV)
charging process, followed by discharging, with a 1C
charge/discharge test conducted every 100 drive cycles.
The resulting data were used for analysis and visual-
ization. Each test applied a constant current of 740
mA, with measurements recorded at a sampling rate
of one second. The recorded parameters include time
(t, seconds), voltage (v, volts), charge (q, mAh), and
temperature (T, ∘C). Figure 2 shows the voltage and
current profiles during the charging and discharging
cycles. In this study, the data were trimmed to use only
the voltage range between 2.7 V and 4.2 V: charging
corresponds to the voltage rising from 2.7 V to 4.2 V,

Fig. 2: Voltage and Current Profiles During Charging and
Discharging cycles at a 1C rate.

Fig. 3: SOH Degradation Curves of all 8 cells.

while discharging corresponds to the voltage decreasing
from 4.2 V down to 2.7 V. These graphs provide an
overview of the general battery behavior under the given
test conditions. In Fig 3, the SOH of each cell was
plotted as a function of the number of charge-discharge
cycles. This visualization helps highlight the gradual
decline in capacity and gives an overview of the aging
characteristics under repeated cycling. The SOH is
defined by the remaining capacity (𝐶𝑟𝑒𝑚𝑎𝑖𝑛) compared to
the initial capacity (𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙) [27], as shown in Eq. (1):

%𝑆𝑂𝐻 = 𝐶𝑟𝑒𝑚𝑎𝑖𝑛
𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙

(1)
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Table 1: Review of Related Literature.

3. FEATURE EXTRACTION

Extracting features that represent the battery’s deteri-
oration behavior over time is crucial for accurate SOH
estimation. These characteristics are usually obtained
from unprocessed data, including voltage and current
readings, that are captured during charge-discharge
cycles. Feature extraction highlights the most pertinent
attributes for ML model training while assisting in
reducing the dimensionality of the input. However,
the raw data may contain recording errors or segments
affected by electrical noise in some cells. Therefore,
data cleaning and preprocessing are necessary before
conducting analysis or extracting features.

3.1 Area under the curve

AUC is a metric used to measure the total magnitude
of a variable over a period of time. In this study, the
AUC is used to analyze the voltage and current patterns
recorded during the battery’s charging and discharging

cycles. It is utilized as a feature to indicate how the
battery uses energy and how this behavior changes over
time. Because the AUC aggregates the overall signal
instead of focusing on single points, it can give a clearer
picture of the battery’s behavior, even if there are small
fluctuations or noise in the data. This makes it effective
for monitoring gradual changes that occur as the battery
degrades. The AUC is calculated using the trapezoidal
integration method, as shown in the following Eq. (2):

𝐴𝑈𝐶 = ∫
𝑡𝑛

𝑡0
𝑥 (𝑡) =

𝑛−1

∑
𝑖=1

(𝑥𝑖 + 𝑥𝑖+1)
2 ⋅ (𝑡𝑖+1 − 𝑡𝑖) (2)

where 𝑥𝑡 represents either the voltage or current at time 𝑡,
and 𝑡0 to 𝑡𝑛are the time intervals during the cycle. Figure
4 shows the voltage profiles during the discharging
process for all cycles, plotted against time. This allows
for a direct comparison of how the voltage curve changes
over time as the battery ages. The AUC value represents
the total voltage over each cycle, starting from the first
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cycle through to the later ones. This information can
be used to analyze the relationship between battery
degradation and the SOH.

From the voltage profiles in Fig. 4, another feature can
be extracted: the charging and discharging time duration
(Time). This feature represents the accumulated time
from the start of the cycle until the voltage (or current)
reaches the specified cut-off endpoint. Degradation
mechanisms cause the battery voltage to reach the cut-off
threshold significantly faster, resulting in a continuous
decrease in the total duration. This trend correlates
strongly with the reduction in battery capacity.

Consequently, we utilized the time at which the
voltage reaches the cut-off endpoint as one of the input
variables, as it effectively reflects the battery’s health
status.

3.2 Incremental Capacity Analysis
ICA is a non-destructive analytical technique used to

examine the electrochemical behavior of a battery during
charging and discharging cycles. This method is based
on the derivative of battery capacity (𝑄) with respect to
voltage (𝑉 ), expressed by Eq. (3):

𝐼𝐶𝐴 = 𝑑𝑄/𝑑𝑉 (3)

The resulting 𝑑𝑄/𝑑𝑉 curve which translates raw
voltage data into a representation of electrochemical
activity, reveals distinct features that evolve as the
battery ages. Specifically, the minimum point of the
𝑑𝑄/𝑑𝑉 curve for each cycle serves as a key indicator of
degradation. This feature is highly sensitive to internal
changes, such as the loss of active material and lithium
inventory. For this reason, ICA is widely regarded as
an effective approach for generating reliable features
to estimate the battery’s SOH. However, a practical
challenge arises from the fact that the raw 𝑑𝑄/𝑑𝑉 curves
often exhibit significant noise, which can interfere with
accurate feature extraction. Therefore, to improve data
quality, a Moving Average (MA) filter was applied for
data smoothing. Figure 5 presents the resulting ICA
curves after this filtering process. In this study, a filter
window size of 400 was selected. This value was empiri-
cally chosen to effectively reduce noise while preserving
the essential shape of the curve. This smoothing process
is a crucial pre-processing step that ensures that the
subsequent identification of key degradation features is
both more reliable and robust.

Following the feature extraction process, all extracted
features AUC, Charging and Discharging Time Duration,
and ICA are normalized using the Min-Max Normaliza-
tion method to rescale all feature values to a uniform
range between 0 and 1. Preventing features with
wider numerical ranges from controlling the model’s
learning process is the main goal of this normalization.
Every feature will contribute more equally to the final
estimation thanks to this standardization.

Furthermore, to quantitatively validate the relevance
of the selected features, a correlation analysis was

performed. The results are presented as a correlation
matrix in Fig. 6.

Thismatrix illustrates the strength and direction of the
linear relationship between each feature and the battery’s
SOH. A high correlation coefficient, whether positive or
negative, indicates a strong relationship, confirming that
the extracted features are indeed sensitive and reliable
indicators of the battery’s health degradation.

3.3 Data Resampling

Data resampling is a process of adjusting the structure
or resolution of time-series data, with the goal of making
the data more suitable for analysis or model training. In
this study, the focus is placed on reducing the frequency
of input data. The main objective is to simplify the data
in order to reduce training time and computational cost,
while still maintaining an acceptable level of accuracy in
the estimation of battery SOH.

For the experiments, thirteen resampling intervals
were considered: no resampling (None), and down-
sampling by skipping data every 20, 40, 60, 80, 100, 120,
140, 160, 180, 200, 300, and 400 seconds. This design
allows an evaluation of how reducing the amount of
input data affects the model’s performance, and whether
prediction accuracy can still be preserved effectively.
Ultimately, this experiment represents an important step
in identifying the optimal balance between data volume
and model performance.

3.4 Min-Max Normalization

Min-Max Normalization is a method of scaling data
into a predefined range from 0 to 1, which helps address
the issue of varying magnitudes across different features.
This process is important for ensuring that input data
remain proportionate and balanced, making them more
suitable for model training. The general formula is
defined in Eq. (4):

𝑥′ = 𝑥 − 𝑥𝑚𝑖𝑛
𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

(4)

where 𝑥 represents the original data value 𝑥𝑚𝑖𝑛 and
are 𝑥𝑚𝑎𝑥 the minimum and maximum values of the
data, respectively, and 𝑥′ is the normalized value. In
this study, Min-Max Normalization was applied to the
selected features, including ICA, AUC, and Time. By
scaling all features into the same range, the model can
better capture the underlying patterns of the data and
improve the effectiveness of SOH estimation.

4. DEEP LEARNING MODELS

As previously discussed, various DL models are em-
ployed for battery SOH estimation. In this study, the
resampled data are input into LSTM, Bi-LSTM, ATT-
LSTM, and GRU models to compare their estimation
performance. The following subsections provide a brief
description of each model.
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Fig. 4: Voltage Profiles are Used to Charge all the cycles.

Fig. 5: ICA Curve all the cycles 8 cells.

Fig. 6: The Correlation Matrix of all Parameters.

4.1 Long Short-Term Memory

LSTM is a type of recurrent neural network (RNN)
developed to address the problem of learning long-
term dependencies in time-series data. Three main
gates complement the memory cell that serves as the
foundation of LSTM. The input gate regulates how new
data is added to the memory cell, the output gate

Fig. 7: The LSTM Network Architecture.

Fig. 8: The Bi-LSTM Network Architecture.

chooses what data is output at each time step, and
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Fig. 9: The ATT-LSTM Network Architecture.

Fig. 10: The GRU Network Architecture.

the forget gate chooses which data to discard. The
memory cell is capable of storing important information
for extended periods of time, as shown in Fig. 7.
These mechanisms enable the model to retain important
information, learn patterns in sequential data, and adapt
to complex temporal dependencies effectively, additional
information about LSTM can be found in [26].

4.2 Bidirectional Long Short-Term Memory
Bi-LSTM builds upon the conventional LSTM by

simultaneously processing input sequences in both for-
ward and backward directions, enabling the network
to draw on contextual information from earlier and
later time steps at once. This dual-directional design
strengthens themodel’s ability to learn intricate temporal
relationships. Although it maintains the memory cells
and gate operations used in LSTM, its distinctive feature
is merging the outputs from both directions to form
a richer representation. Further information about Bi-
LSTM is provided in [12], and the architecture of the
model is illustrated in Fig. 8.

4.3 Attention-based LSTM
An attention mechanism is included into the memory

cell of the ATT-LSTM, an enhanced variant of the
conventional LSTM. As a result, rather than considering
every time step identically, the model can concentrate
on the most crucial portions of the input sequence.
The attention mechanism creates a context vector by
combining the hidden states of each time step with
different weights according to their importance, as
illustrated in Fig. 9. While keeping the memory cells and

Table 2: Hyperparameter Settings.

gate structure of a regular LSTM, ATT-LSTM emphasizes
key time steps, helping the model capture complex
relationships in the sequence and retain themost relevant
information effectively. A detailed explanation of ATT-
LSTM is provided in [12].

4.4 Gated Recurrent Unit
The GRU is a simplified version of recurrent neural

networks aimed at capturing long-term dependencies
in sequential data. In contrast to LSTM, it features a
more straightforward structure with just two primary
gates: the update gate, which controls the merging of
new inputs with existing information, and the reset gate,
which decides how much of the prior context should
be abandoned. Unlike the LSTM, the GRU does not
use a separate memory cell but instead incorporates
the memory mechanism directly into its hidden state,
resulting in fewer parameters, faster training, and an
effective ability to model sequential patterns. For more
detailed information on the GRU, readers are referred to
[17]. The architecture of the GRU is presented in Fig. 10.

In this study, four models LSTM, Bi-LSTM, ATT-
LSTM, and GRU were used for comparison. To ensure
fairness and reliability of the results, the same hyper-
parameter settings were applied to all models. The
selected values were chosen to balance accuracy and
computational time. Using identical hyperparameters
also allows the impact of resampling to be evaluatedmore
clearly without being influenced by differences in model
configurations. This approach ensures that the learning
behavior and performance of each model can be assessed
under the same conditions. The detailed hyperparameter
settings are presented in Table 2.

Table 2 presents the hyperparameter settings that
are applied consistently across all models. The only
difference lies in the Output Mode. The ATT-LSTM
model is configured to use the sequence mode, since
the Attention Layer requires the complete sequence of
outputs. In contrast, the LSTM, Bi-LSTM and GRU
models use the last mode, which considers only the final
output of the sequence for prediction.

4.5 Evaluation Metrics
To evaluate the performance of battery SOH esti-

mation, three common metrics were selected: Root
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Fig. 11: SOH Estimation Results at the Best Interval.

Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Mean Absolute Percentage Error (MAPE). The first,
RMSE, is frequently used to display, in terms of root
mean square, the average difference between estimated
and actual values. which is calculated as:

𝑅𝑀𝑆𝐸 =
√√√√
⎷

1
𝑛

𝑛

∑
𝑖=1

(𝑆𝑂𝐻 (𝑖) − 𝑆𝑂𝐻𝑒(𝑖))
2

(5)

where 𝑛 is a number of cycles, 𝑆𝑂𝐻 is actual capacity,
𝑆𝑂𝐻𝑒 is estimated capacity. Next, MAE focuses on
the overall error using absolute differences, which helps
reduce the effect of extreme mistakes defined as:

𝑀𝐴𝐸 = 1
𝑛

𝑛

∑
𝑖=1

|𝑆𝑂𝐻 (𝑖) − 𝑆𝑂𝐻𝑒(𝑖)| (6)

Finally, MAPE makes it simple to compare accuracy
across several scales by expressing the error as a percent-
age. MAPE is defined as:

𝑀𝐴𝑃 𝐸 = 1
𝑛

𝑛

∑
𝑖=1 |

𝑆𝑂𝐻 (𝑖) − 𝑆𝑂𝐻𝑒(𝑖)
𝑆𝑂𝐻 (𝑖) | × 100% (7)

5. COMPARATIVE ANALYSIS
In this section, a comparative analysis is presented

by evaluating the effect of different resampling intervals.
Thirteen cases are considered: None, 20, 40, 60, 80,
100, 120, 140, 160, 180, 200, 300, and 400 seconds,
as described earlier. The objective is to identify the
most suitable interval for accurate SOH estimation of
Li-ion batteries. In addition, the performance of four
DL models, LSTM, Bi-LSTM, ATT-LSTM, and GRU, is
compared to determine which model can extract features
most effectively from the data derived from AUC, ICA,
and Time. In this study, to ensure that the data sets are
non-overlapping and to reduce bias in the evaluation, the

Fig. 12: Error Comparison at the Best Interval.

Fig. 13: SOH Estimation Results at the Worst Interval.

Fig. 14: Error Comparison at the Worst Interval.

Oxford battery data was divided into three main sets.
Cells 1–6 were used for training the models, allowing
them to learn the degradation patterns of the batteries.
Cell 7 was assigned as the validation set to fine-tune
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Table 3: SOH Estimation Results.

Table 4: Execution Time of Each Model.

model parameters and prevent overfitting. Cell 8 was
set aside for testing, offering an objective evaluation of
the model’s capacity to calculate SOH from unknown
data. By using this data partitioning technique, the
outcomes will more precisely represent how well the
model generalizes to new batteries.

The experimental results show that applying resam-
pling initially leads to a steady reduction in error, indi-
cating that selecting an appropriate resampling interval
helps the models learn and capture the data relationships
more effectively. This improves the accuracy of SOH
estimation. However, when the resampling interval
becomes too large, specifically greater than 100-second,
the error starts to increase again. This trend is observed
starting from 120-second, where the error gradually rises
as the gap widens up to 400-second. This suggests
that as the data becomes too coarse, the models lose
important details, making it more difficult to capture
meaningful patterns. This trend is observed across all
four models. The best performance is achieved at the
100-second interval, where the MAPE for LSTM is 0.279,
while the error values for Bi-LSTM, ATT-LSTM which is
the best among all models, and GRU are 0.290, 0.271, and
0.336 respectively. These results are illustrated in Fig. 11,
which shows the SOH estimation of all four models at

their best-performing interval. On the other hand, the
worst results are observed at the 400-second interval for
LSTM, Bi-LSTM, and ATT-LSTM, with error values of
1.156, 0.893, and 0.971 respectively, while the worst case
for GRU occurs when no resampling is applied, with an
error value of 1.564. These results are shown in Fig. 12,
which presents the SOH estimation of the four models
under the least favorable conditions. In addition, bar
charts are provided to compare the error values at the
best interval, which are shown in Fig. 13, and at theworst
interval, which are shown in Fig. 14 across all models,
highlighting the performance differences more clearly. A
complete summary of these results is provided in Table 3.
In addition to evaluating SOH estimation using the three
previously mentioned metrics, the models were also
assessed based on Processing Time, which refers to the
time each model requires to train and generate the SOH
estimation results. Analyzing processing time provides
insight into not only the accuracy of each model but
also which models are faster or slower in computation.
The experimental results presented in Table 4 compare
the processing times of each model across different
resampling intervals, showing that processing time gen-
erally decreases as the resampling interval increases.
When comparing the models at their best-performing
resampling interval of 100 seconds, the LSTM model
demonstrated the fastest performance, requiring only
84.09 seconds. It was followed closely by the GRU
at 85.65 seconds, while the Bi-LSTM and ATT-LSTM
models required longer processing times of 115.34 and
169.12 seconds, respectively. This indicates that while
all models benefit from resampling, the standard LSTM
architecture offers the greatest computational speed
among the evaluated models.

Regarding overall performance, the ATT-LSTMmodel
achieved the highest accuracy with a MAPE of 0.271, yet
it consumed the most processing time (169.12 seconds).
In contrast, the LSTMmodel required only 84.09 seconds,
approximately half the duration of the ATT-LSTM, while
achieving a very similar accuracy with a MAPE of
0.279. When comparing the LSTM model’s performance
between the raw data (None) and the 100-second resam-
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pling interval, the estimation error decreased by 65.56%,
while the processing time was significantly reduced by
99.40%. Therefore, considering the trade-off between
high estimation accuracy and computational efficiency,
the LSTM is identified as the most suitable model for
real-world applications where resource constraints are a
concern.

6. CONCLUSION

This research focused on the estimation of the SOH of
Li-ion by investigating the impact of resampling on the
performance of DL models. Several models, including
LSTM, Bi-LSTM, GRU, and ATT-LSTM, were evaluated
under different resampling intervals to analyze both
estimation accuracy and processing time. The results
showed that selecting an appropriate resampling interval
can reduce data complexity and suppress noise, which
improves the learning efficiency of the models. This leads
to lower estimation errors and significantly shorter pro-
cessing times. However, when the resampling interval
becomes too large, the models may lose important details
in the data, making it harder to capture the relationships
needed for accurate SOH estimation.

In practice, resampling offers potential for real-world
applications such as battery healthmonitoring in ESS and
EVs. By reducing the amount of data while maintaining
accuracy, it allows faster processing and more efficient
use of computational resources. This makes it possible to
apply these models in systems that require reliable and
near real-time SOH estimation.
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