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Accurately estimating the state of charge (SOC) and state of health (SOH) of
lithium-ion batteries remains a significant challenge due to complex
electrochemical dynamics and varying operational conditions. This research aims
to overcome these challenges by proposing a novel hybrid neural network that
combines octave convolution (OctConv) and long short-term memory (LSTM).
The methodology begins with preprocessing battery voltage, current, temperature,
internal impedance, and capacity data through outlier removal and min-max
normalization, followed by partitioning into training, validation, and test sets. The
OctConv module then decomposes the input into high- and low-frequency feature
maps, enhancing extraction efficiency by reducing spatial redundancy. These
multi-scale features are subsequently processed by LSTM layers to model both
short-term fluctuations and long-term degradation trends across battery cycles.
The model was trained using the Adam optimizer with MSE loss and ReLU
activations and evaluated against established deep learning approaches, including
OCT, LSTM, and CNN-LSTM, on the NASA dataset. Experimental results
demonstrate the superior performance of the proposed OCT-LSTM model. It
achieved significant improvements in SOC and SOH estimation, reducing the
mean squared error (MSE) by 84.53% and 82.44%, respectively, compared to the
CNN-LSTM benchmark. Furthermore, the model attained a 6.21% reduction in
simulation parameters, highlighting greater parameter efficiency. The proposed
method outperforms state-of-the-art approaches across multiple metrics, including
the number of parameters, MSE, RMSE, MAE, prediction accuracy, and
computational speed, demonstrating its potential as a significant advancement in
this domain.

Keywords: State of Charge (SOC) Estimation, State of Health (SOH) Estimation,
Lithium-Ion Battery (LIB), Convolutional Neural Networks (CNNs), Octave
Convolution, Long Short-Term Memory (LSTM).
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1 Introduction

Energy storage systems (ESSs) are pivotal technologies in
advancing sustainable energy solutions, particularly for
electric vehicles (EVs) and smart grids [1-6]. Among these,
lithium-ion batteries (LIBs) have emerged as the most rapidly
growing ESS technology, leveraged for their high energy
density, long cycle life, and low self-discharge rates [7-9].
These attributes make LIBs indispensable for a wide range of
applications, from portable electronics and industrial uses to
hybrid and electric vehicles. The global transition toward
renewable energy and the rising adoption of EVs have further
solidified the importance of LIBs as a cornerstone of modern
energy storage [10-13]. However, despite their advantages,
critical challenges remain in battery safety and management
for future demands. The state of charge (SOC) and state of
health (SOH) are two fundamental parameters for ensuring
safe and efficient operation of LIBs. SOC, representing the
available capacity relative to nominal capacity, cannot be
measured directly and must instead be estimated through
advanced algorithms [14,15]. Accurate SOC estimation is
essential for preventing hazardous conditions such as over-
charging, over-discharging, and suboptimal battery
performance [16]. Meanwhile, SOH serves as a key indicator
of battery degradation and lifetime, directly influencing
performance under varying operational conditions [17,18].
Precise SOH estimation is necessary to assess capacity fade
and impedance increase, both of which impact system
reliability. However, estimating these vital parameters remains
challenging due to the nonlinear, time-variant behavior of
LIBs and the interdependence between SOC and SOH [19-
23].

Overcoming these challenges through robust estimation
methods is critical for enhancing accuracy, prolonging battery
lifespan, and ensuring safe operation across applications. SOC
estimation methods are typically classified into three main
categories: data-driven, adaptive, and hybrid approaches.
Data-driven methods [24,25] can be further subdivided into
direct measurement techniques such as Coulomb counting
(CCM) [26,27], open-circuit voltage (OCV) [28-30],
impedance methods [31,32], and model-based approaches
[33,34]. Recent research has extensively explored SOC
estimation, with prevailing methods falling into model-based,
data-driven, and Coulomb-counting techniques. While model-
based methods offer high accuracy by leveraging system-
specific knowledge, their effectiveness is often limited by the
challenges in developing precise system models. In contrast,
data-driven methods reduce reliance on domain expertise by
utilizing extensive process data, though they require large
datasets for reliable performance. Coulomb-counting
techniques, on the other hand, estimate battery capacity by
integrating discharge current over time, providing a
straightforward but sometimes less adaptive solution [35-38].
Capacity degradation during charge-discharge cycles is widely
used for prediction, yet SOH remains challenging to estimate

due to multiple influencing factors. Current approaches
include model-based [39-42] and data-driven methods
[43,44]. Model-based techniques, such as equivalent circuit
[45,46] and electrochemical models [47-49], establish
nonlinear relationships between measured signals and SOH by
leveraging battery dynamics, including lithium-ion loss and
material degradation. In contrast, data-driven methods rely on
pattern recognition from large datasets [S0-52].

1.1 Previous research

Extensive research has explored machine learning-based
approaches for SOC and SOH co-estimation, with particular
emphasis on modeling their complex nonlinear relationships.
The continued focus on this problem reflects the fundamental
challenges in developing machine learning (ML) methods that
can effectively capture the coupled dynamics between these
battery states. The study [53] aims to minimize dependence on
initial conditions by first constructing two RBF-ARX models
to represent battery dynamics and correlate SOC, SOH, and
measured data. Target distributions are then derived, enabling
initial state estimation via Markov chain Monte Carlo
sampling. Finally, an unscented Kalman filter combined with
an RBF-ARX model is proposed for SOC/SOH co-estimation.
The paper [54] presents a co-estimation framework for SOC
and SOH. A BiLSTM network, optimized via PSO, then
estimates SOH and terminal voltage using cyclic and temporal
data patterns. The optimized PSO-BiILSTM model
subsequently serves as the basis for SOC estimation through
an EKF algorithm. The research [55] presents a data-optimized
SOC-SOH estimation method with current bias compensation.
The impact of current bias on state estimation accuracy is
analyzed, and the limitations of the Kalman filter are
explained. An enhanced parameter identification framework is
then developed, employing Fisher Information Matrix-based
sensitivity analysis to select optimal data segments for iterative
parameter refinement. In a relevant study [56] they developed
a framework for rapid lithium-ion battery SOH estimation by
formulating it as a multivariate Time Series Classification
(TSC) problem. Their model, based on a Random Interval
Classifier (RIC), was designed to operate exclusively on
partial charging cycle data, specifically short sequences of
voltage and temperature.

The study [57] employs a hybrid approach, coupling a
fractional-order RC equivalent circuit model (ECM) of a LIB
with a deep learning architecture. Model parameter
identification is achieved through a modified particle swarm
optimization algorithm, combining fractional-order dynamics
and crisscross learning (FPSO-CL). The review paper [S8]
critically assesses multiple SOC estimation approaches, from
established techniques such as Coulomb Counting and OCV
measurement to sophisticated filter-based solutions and
emerging data-driven methodologies. A detailed comparative
analysis reveals the distinctive capabilities and inherent
limitations of each approach. The work [59] proposes a
distributed optimal Kalman consensus filter (KCF) for battery
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management systems (BMS), along with a dynamic event-
triggering mechanism (ETM) to reduce communication
demands. The study [60] presents a joint SOC and SOH
estimation approach for lithium-ion batteries, combining a
temperature-dependent extended Kalman filter (EKF) with
deep learning techniques. The paper [61] presents an EIS-
based approach that integrates equivalent circuit modeling
with data-driven methods for LIB SOH estimation. The work
[62] presents an optimized BMS for high-power lithium
battery energy storage (BES), utilizing a multi-head attention-
augmented LSTM neural network alongside an adaptive
unscented Kalman filter to achieve precise SOC and SOH
estimation. The paper [63] optimized a Thevenin battery
model to estimate OCV and SOH accurately. Methods like
curve-fitting, ABC, PSO, DA, and GA were tested, with SOH
defined by SOC, cycle count, capacity, and time. The paper
[64] reviews contemporary advancements in SOC and SOH
estimation techniques, analyzing cutting-edge approaches
published within the recent years while critically examining
their respective strengths and shortcomings.

The study [65] introduces an innovative SOC-OCV
decoupling method for real-time SOC and SOH co-estimation
in Li-ion batteries. A parallel neural network (PNN)
framework is developed in [66] to predict the SOH and SOC
in lithium-ion batteries concurrently. The approach employs a
hybrid structure combining a back propagation neural network
(BPNN) and an Elman neural network (ENN), while an
adaptive Kalman filter (AKF) is applied to optimize SOC
estimation. A residual-deep neural network (R-DNN)-based
system is developed in [67] to assess the health status of
lithium-ion batteries through analysis of temporal discharge
patterns. Prior Studies [68—70] disregarded the importance of
SOC and SOH monitoring for ESS operation. The current
work resolves this oversight, demonstrating measurable gains
in system performance metrics. A CNN-BiGRU neural
network was implemented in article [71] to predict the SOH of
LIBs. Temporal dependencies and data correlations were
analyzed using voltage distribution and capacity variations
extracted from discharge curves. In paper [72], parasitic side
reactions at the charging negative electrode are examined as
the primary focus. The performance of LSTM and recurrent
neural network (RNN) architectures is compared, with LSTM
being identified as more effective for extended sequence
forecasting. A GWO-BP neural network-based SOH-SOC
estimation model was developed in the article [73], where
SOH estimation is integrated with the Ah method for capacity
correction and improved accuracy. The study [74] employs a
temperature-sensitive 2-RC model to characterize LIB
degradation, enabling accurate SOH estimation across various
chemistries. When extended to an N-RC framework and
compared with 1-RC models, the 2-RC approach demonstrates
superior accuracy and computational efficiency, as evidenced
by numerical results.

A notable study [75] introduced a hybrid CNN-Attention-
LSTM architecture. This method first selected highly
correlated features via the Pearson correlation coefficient and

normalized the data, establishing this method as a robust
solution for SOH prediction. The previous study [76] has
addressed the need for accurate battery SOH estimation in
systems like PV and EVs. In this study, a hybrid parameter
estimation technique was proposed for a semi-empirical Li-ion
battery model. The model's parameters were optimized using
the SCA algorithm, which resulted in superior performance
compared to traditional models and other heuristic algorithms
(GWO, DE, HHO, GA), achieving a higher SOH value.
Previous research [77] has explored deep learning to overcome
the limitations of conventional SOC estimation methods. A
hybrid model integrating LSTM, GRU, and Attention
mechanisms was developed. The model's robustness was
confirmed via uncertainty analysis and subsequent feature
optimization, establishing a highly accurate and efficient
framework for SOC estimation. Previous work [78] tackled
inaccurate SOC estimation in mining vehicle batteries, where
high pulse discharging and over-discharge cause significant
internal polarization. The authors proposed a hybrid closed-
loop method, using an LSTM for offline modeling and a Sage-
Husa AKF for online correction. To enable precise SOH
estimation, the prior study [79] employed a stacking ensemble
of LR, XGBoost, and RF, designed to capture the diverse
linear, nonlinear, and long-temporal relationships in battery
degradation. The model, which utilized a novel CPDE
technique and grid search optimization, achieved significant
performance improvements on real-time and NASA datasets.

1.2 Motivations and Contributions

Accurate and efficient estimation of the SOC and SOH is
critical for the reliable operation of lithium-ion batteries.
While data-driven methods have shown significant promise, a
review of the literature reveals several persistent research gaps
that limit their practical deployment. Specifically, existing
approaches often face: (1) an architectural limitation in
concurrently capturing multi-scale spatial features and long-
term temporal dependencies; (2) an inherent trade-off between
high estimation accuracy and high computational efficiency;
and (3) a dependency on prior electrochemical knowledge or
manufacturer-specific parameters, which restricts their general
applicability. These identified gaps motivate the development
of a novel hybrid framework in this study. To address these
challenges, a novel hybrid neural network model that
integrates Octave Convolution (OCT) with a Long Short-Term
Memory (LSTM) network is proposed for accurate estimation
of SOC. The same architecture is also shown to be effective
for SOH estimation, based on our prior work [51].

The principal contributions of this paper are fourfold. First, a
novel hybrid OCT-LSTM architecture is designed to
effectively capture both short-term fluctuations and long-term
degradation trends in battery data. This design overcomes the
limitation of standard models in handling multi-scale
spatiotemporal features. Second, a multi-channel, data-driven
input structure is introduced, which utilizes key operational
parameters—including voltage, current, temperature, internal
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impedance, and capacity—to evaluate the battery's intrinsic
characteristics. A key innovation of this approach is its
operation without prior knowledge of the battery's internal
electrochemical  properties or  manufacturer-provided
specifications, thereby significantly reducing system
complexity and enhancing general applicability across
different battery types and conditions.

Third, the proposed methodology incorporates Octave
Convolution (OCT) to decompose the input data into high- and
low-frequency components. This innovation enhances feature
extraction efficiency by reducing spatial redundancy, leading
to a model that is both more accurate and more parameter-
efficient. Finally, the performance of the proposed model has
been comprehensively validated using the NASA battery
dataset under real-world parameters. The experimental results
demonstrate significant improvements in prediction accuracy,
as measured by Mean Absolute Error (MAE), Mean Squared
Error (MSE), and Root Mean Squared Error (RMSE),
alongside gains in computational speed and parameter
efficiency. This confirms the framework's effectiveness,
precision, and practical viability for SOC estimation, with the
architecture’s effectiveness for SOH estimation reported as a
separate validation.

This paper is organized in the following sequence: Section 2
introduces and evaluates the proposed Octave-LSTM-based
approach. Section 3 details the battery dataset and thoroughly
examines the SOC and SOH estimation methodology. Section
4 presents the experimental results, including learning
techniques and comparative analyses. Section 5 analyzes the
performance of the proposed network, compares SOC and
SOH estimation accuracy, and evaluates the tested models.
Ultimately, Section 6 concludes the study by summarizing the
key findings and outlining future work.

2 Suggested Approach

The SOC represents the remaining energy stored in a battery.
Physically, it is quantified as the ratio of the average lithium-
ion concentration in the cathode to the maximum possible
concentration. Thus, the SOC can also be interpreted as the
proportion of residual energy relative to the battery's total
usable capacity. The SOH estimation, however, relies on data-
driven models that utilize comprehensive battery datasets to
predict Remaining Useful Life (RUL) [80,81]. This section
details the OCT-LSTM-based SOC and SOH estimation
framework, which encompasses data preprocessing, model
training, SOC estimation, and battery health assessment [82—
84]. The preprocessing stage involves outlier removal and data
normalization, followed by partitioning the dataset into
training, validation, and testing subsets. Input features include
voltage, current, temperature, capacity, and internal
impedance. Model performance is assessed by comparing
predictions across different phases. The proposed approach
employs Octave Convolution (OctConv) in place of traditional
convolution, which reduces computational complexity while

achieving superior performance compared to existing state-of-
the-art methods.

2.1 Octave Convolution Network

OctConv network offers a more efficient alternative to
traditional convolution layers by significantly reducing spatial
complexity and computational overhead in Convolutional
Neural Networks (CNNs) [85,86]. By decomposing feature
maps into high frequency and low frequency components,
OctConv enhances feature extraction efficiency while
expanding the receptive field, leading to improved
performance across diverse applications, including time-series
analysis, medical imaging, remote sensing, image
compression, and spectral image classification [87,88]. The
proposed architecture advantages OctConv to process multi-
frequency features efficiently, followed by Long Short-Term
Memory (LSTM) layers to model temporal dependencies. This
hybrid approach optimizes data processing efficiency by
capturing both fine-grained details and long-range patterns,
making it particularly suitable for sequential and high-
dimensional data analysis. The input tensor X has dimensions
(B, T, F, C), where B denotes the batch size, T represents the
time dimension, F corresponds to the feature dimension, and C
indicates the channel dimension (where C=1 in this case), as
formalized in equation (1).
X € RBXTXFXC (1)

The initial layer employs an OctConv operation that spectrally
decomposes the input tensor X into high frequency (Xu) and
low frequency (XL) components. This decomposition is
mathematically formulated in equations (2) and (3).

X, =X
Shape- 2
ape:(B,T,F,1)
X, =l 2(x)
3)

T F
shape(B,—,—,1
pe( 77 )

The OctConv layer is configured with a kernel size of (4, 1),
40 convolutional filters, an octave ratio parameter = 1, and an
output low-frequency ratio of 0.5. This frequency-based
decomposition enables more efficient feature extraction by
processing high- and low-frequency components separately
while maintaining their spatial relationships. In this
decomposition, Xu preserves the high-frequency spatial details
while XL contains the low-frequency components generated
through down sampling of the input tensor X. The dimensional
characteristics of these components are defined as Xu: (B, T,
F, 1) and Xv: (B, T/2, F/2, 1). The architecture implements
parallel convolutional pathways to process these frequency
components independently. Four distinct convolution
operations are employed: High-to-high (H—H), High-to-low
(H—L), Low-to-high (L—H), Low-to-low (L—L). The high-
to-high convolution operation, which processes fine-grained
spatial features within the high-frequency domain, is
mathematically represented in equation (4).
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Y, If "= Wi * Xy

Shape(B,T, F, filters)
This multi-branch approach enables comprehensive feature
extraction across different frequency bands while maintaining
computational efficiency. Here, Wun represents the
convolutional weight matrix for the high-to-high frequency
pathway, where * indicates the convolution operator. The
output Y4 has dimensions (B, T, F, filters). Similarly, the
high-to-low frequency convolution is defined as equation (5):

YLHL = 2Wy * X )

“)

shape(B,Z,E,ﬁlters) ©)
2°2

Here, WuL denotes the convolutional weight matrix for the
high-to-low frequency pathway. The resulting output Y7 has
dimensions (B, T/2, F/2, filters), where the down-sampling
operation is indicated by the downward arrow ( | ). The low-
to-high frequency convolution is defined as equation (6):

v =Taw, *x,)

shape(B,T, F, filters)
Parameter Wiu represents the convolutional weight matrix for
the low-to-high frequency pathway, producing output Y4
with dimensions (B, T, F, filters). The up-sampling operation

(6)

is indicated by an upward arrow ( 1 ). Similarly, the low-to-
low frequency convolution is defined as equation (7):

YLLL =W, *X,

shape(B,Z,E, filters) @

22

The low-to-low frequency pathway is characterized by the
convolutional weight matrix Wir, which generates output Y-
with dimensions (B, T/2, F/2, filters). The convolution outputs
are then integrated to construct both high-frequency and low-
frequency feature maps through the following combination
process. The high-frequency feature map is computed as in
equation (8):

Y, =Y, : "1y, IfH

shape(B,T, F, filters)
The high-frequency output Yu maintains dimensions (B, T, F,
filters), while the low-frequency feature map is formulated as
equation (9):

®)

Y, =Y/ +y,"
shape (B ,Z,E,ﬁlters) ©
2°2

The low-frequency output YL preserves its original
dimensionality (B, T/2, F/2, filters). The composite feature
map Y is generated through the integration of both high-
frequency and low-frequency components, as expressed in
equation (10):

Y =Y,+ T2,

shape(B,T,F, filters)
The up-sampling operation aligns the spatial dimensions of YL
with those of Yn, producing a unified feature map Y with the
shape (B, T, F, filters). Through the combined operations

(10)

defined in (9) and (10), the framework incorporates low-
frequency components into the high-frequency domain via
successive up-sampling and convolutional transformations.
The proposed framework employs octave convolution to
decompose input signals into high- and low-frequency
components, significantly reducing computational overhead.
This decomposition is particularly advantageous for battery
data analysis, where low-frequency components typically
dominate. The method proves valuable for simultaneous SOH
and SOC monitoring by enabling scalable and efficient
processing. The octave convolution architecture enhances
multi-scale feature extraction through independent frequency
processing, which simultaneously improves detection of both
transient abnormalities and gradual degradation patterns.
Furthermore, it reduces feature map redundancy by generating
compact yet highly discriminative representations, leading to
better model generalization and improved prediction accuracy.
Comparative evaluations demonstrate that this approach
outperforms conventional methods in both estimation
accuracy and efficiency for SOC and SOH prediction tasks.

2.2 Implementation Criteria

The proposed method comprises three key stages:
preprocessing, training, and estimation, as illustrated in Fig. 1.

Battery
Preprocessing Step - Dataset

I———— — e

| Data
Normalization

|

I v

| Split Data, Train,
Validation, Test

I

I
I
I
I
I
I
L ———_

I Training Step
I

Training

| Octave Octave+LSTM
I _—

| |

1. SOH estimation

2. SOC estimation

1
| 4>{ Battery Test «—— I
| Estimation Step |
I |
I |
I |
I |

Fig. 1 Block diagram of the OCT-LSTM proposed Network, where
the NASA battery dataset is fed into the system. The diagram consists
of three main stages: preprocessing, training, and SOH/SOC
estimation of the battery

In the preprocessing phase, battery-related parameters,
including voltage, current, temperature, internal Impedance,
and capacity, are normalized using equation (11). In (11), the
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set Xi* is defined, where n denotes the number of samples per
cycle, and x represents the collection of all charge cycles.

k .
fz)("—mm,(x)—n' e{l,..,n} (11)
max (x ) —min(x )
Following parameter estimation, the data undergoes a de-
normalization procedure. Subsequently, the dataset is
partitioned into three subsets: training, validation, and test sets.
Batteries 5, 6, and 7 were employed for training, while Battery
18 was reserved for evaluating the SOH and SOC parameters.
Prior to network input, the data was normalized to ensure
optimal processing. During the training phase, key battery
features, including charge voltage, discharge voltage, current,
and temperature, were extracted from the dataset and fed into
the network as input variables. The proposed architecture
combines Octave Convolution and LSTM layers, forming an
integrated Octave+LSTM network. This hybrid approach
significantly reduces the number of trainable parameters while
improving computational efficiency, thereby accelerating
training speed without compromising accuracy. The model’s
performance was evaluated by estimating SOH and SOC, and
the results were benchmarked against existing methods in the
field. A comprehensive analysis of the outcomes is presented
to validate the efficacy of the proposed framework.

3 NASA Battery Dataset

The present study investigates critical battery performance
metrics, including voltage, charge-discharge current, capacity
fade, internal impedance, and thermal behavior for accurate
SOC and SOH assessment.

3.1 Initial and Working Conditions

The analysis utilizes the publicly available NASA Li-ion
battery dataset, originally compiled by the Prognostics Center
of Excellence (PCoE). The experimental data were obtained
from 18650 Li-Cobalt cells, LG Chem, with 2100mAh
nominal capacity, and 4.20V cutoff voltage, manufactured by
the Idaho National Laboratory [89]. Comprehensive battery
specifications are provided in Table 1, with additional
experimental details documented in [90]. For model validation
purposes, four representative cell samples, designated B000S,
B0006, B0007, and B0018, were subjected to systematic
testing protocols.

The charging protocol involved constant current (CC)
charging at 1500 mA until the upper cut-off voltage of 4.20 V
was reached, followed by constant voltage (CV) charging at
4.20 V until the current tapered to 20 mA. In contrast, the
discharge protocol was a constant current (CC) discharge at
2000 mA with specific discharge cut-off voltages 0f 2.70 V for
B0005, 2.50 V for B0006, 2.20 V for B0007, and 2.50 V for
B0018. Comprehensive test parameters are documented in
Table 2. In accordance with the dataset specifications, battery
end-of-life (EOL) was defined as the point at which the

available capacity degraded to 70% of the nominal 2000mAh
rating. For dataset usage, batteries BO005, B0006, and B0007
were used for training, while B0018 was reserved for testing
and validation.

Table 1 NASA battery dataset characteristics, including individual
cell specifications and test parameters [90]

Condition
Battery Maximum  Minimum X X
number voltage voltage ctﬁ’:;: ta(:‘i; ) C(‘:'[::Z)W
(4] (4]
B0005 4.20 2.70 2000 2000
B0006 4.20 2.50 2000 2000
B0007 4.20 2.20 2000 2000
B0018 4.20 2.50 2000 2000

Table 2 Specifications of the batteries tested for the NASA dataset
collection

Battery Properties 18650 LIB
Production LG Chem
Chemistry 18650 Li-Cobalt oxide

Nominal capacity 2100 mAh
Working voltage 3.00-420V

The battery's SOC is quantified using a percentage-based
metric, with 100% representing maximum charge capacity
following a complete charging cycle and 0% indicating full
discharge. Throughout both charging and discharging
operations, key operational parameters, including battery
voltage, current, impedance, and temperature, undergo
continuous temporal variations. These measurable variables
serve as critical inputs for state-of-charge determination. The
fundamental relationship governing SOC calculation is
formally expressed in equation (12). Hence, parameter Q:
signifies the remaining battery charge or remaining charge
capacity, and parameter Qnominal corresponds to the nominal
capacity of the battery.

SOC(%)ZLXIOO (12)

nominal
The estimation of SOH involves evaluating degradation
metrics such as capacity loss and increased internal
impedance, which serve as key indicators of battery
performance degradation. As shown in Fig. 2, the progressive
deterioration of battery capacity during discharge cycles,
which is mathematically expressed by (13) as SOH, plays a
critical role in accelerating the reduction of the remaining
useful life (RUL) of the battery [91]. In Equation (13),
parameter C; denotes the battery's rated capacity, while Cc
corresponds to the empirically derived capacity for each
discharge cycle.
SOH(%)=%X]00 (13)

As displayed in Fig. 2, the measured capacities of batteries
B0005, B0006, B0007, and BO0O018 exhibit non-linear
degradation patterns, indicating that capacity fade does not
follow a consistent trajectory across cycles.

Moreover, the estimation of SOH is complicated by
regenerative phenomena, undermining the dependability of
conventional cycle-based assessment techniques. Even
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marginal enhancements in estimation accuracy can
substantially improve capacity prediction. Consequently,
given the inherent complexities introduced by parasitic side
reactions, data-driven approaches offer superior reliability by
explicitly modeling these nonlinear effects. During the initial
discharge cycle, battery B0005 demonstrated a starting
capacity of 1.8565 Ah, which declined to 1.2875 Ah following
charge-discharge cycling. A comparable reduction was
observed in B0006, with its capacity diminishing from 2.0353
Ah to 1.1538 Ah. For B0007, recorded measurements showed
an initial capacity of 1.8911 Ah, decreasing to 1.4005 Ah after
testing. Lastly, BOO18 exhibited the initial capacity of 1.8550
Ah, which subsequently reduced to 1.3411 Ah.

Capacity degradation at ambient temperature of 24°C
2.0 - e -{ }- Battery-05
A Battery-06
Battery-07
- Battery-138

In
-]
|

=
'S
1

Capacity (Ah)
(=]
o

fl i

Rt
\:{W
1.2 - \¢
o < [~} e ) > [~} )
Vv o) A D ¥ N D

Discharge cycles (n)

Fig. 2 Capacity measurement results for all battery cells in the NASA
dataset

4 Experimental Results

To assess model performance across different deep learning
frameworks, several neural network architectures were tested,
including OCT, LSTM networks, and hybrid variants
including CNN-LSTM and OCT-LSTM. The experiments
were conducted on Google Colab’s cloud-based platform,
which provided a Linux environment with 128GB of system
memory and an NVIDIA Tesla P100 GPU with 16GB of
memory for accelerated computation.

4.1 Key Parameters

The Adam optimizer was adopted due to its proven efficiency
and robustness in training complex hybrid architectures that
combine convolutional and recurrent layers for time-series
forecasting, a characteristic common in battery SOC and SOH
estimation tasks. A fixed learning rate of 0.001 was
empirically determined to be optimal, minimizing the MSE
loss function. Preliminary experiments confirmed that higher
learning rates led to unstable convergence, while lower values
resulted in excessively slow training and poorer generalization
performance on the validation set. The OctConv layer was
configured with a kernel size of (4, 1) and 40 convolutional
filters. The octave ratio was set to 1, and the output low-
frequency ratio to 0.5. This configuration was found to
optimally balance the processing of high- and low-frequency

features, a design choice that aligns with efficiently modeling
the multi-scale characteristics of battery data. The batch size
was set to 50, representing a compromise between gradient
stability and computational efficiency, since very small
batches produced noisy gradients and very large batches
increased memory demands without improving performance.
The model was trained for 500 steps, as this was the point at
which the validation loss consistently plateaued in our
preliminary analyses. This early stopping criterion ensures that
the model achieves sufficient convergence while rigorously
avoiding overfitting. ReLU activation functions were
employed to mitigate vanishing gradient issues and ensure
efficient computation, in line with common practice in deep
learning-based estimation frameworks. Concurrently, these
parameter choices reflect a balance between theoretical
justification and experimental validation, thereby ensuring the
reproducibility and reliability of the proposed model.

For quantitative evaluation, three key error metrics were
utilized: MSE, RMSE, and MAE. Specifically, Equation (14)
provides the mathematical formulation for MSE, while
Equation (15) presents RMSE. Both metrics serve to quantify
the prediction accuracy by measuring the deviation between
modeled capacity estimates of the battery in Ah (yi) and the
actual capacity (¥i). Within these mathematical formulations,
the parameter (n) denotes the total number of charge-discharge
cycles experimentally recorded for individual battery cells.
Equation (16) introduces the MAE as an alternative robustness
measure for comparative analysis.

1 A
MsE =y -7 ) (14)
I P N L 15
RMSE [nle:(yi yl)J —>ze{1,2,...,n} (15)

MAE:li
n-y

~

y.-Y, (16)

4.2 SOC Estimation

This section provides a rigorous comparative evaluation of
diverse neural network architectures for battery SOC
estimation, assessing their predictive accuracy, computational
efficiency, and performance. The proposed SOC estimation
methodology was implemented and evaluated through
systematic testing protocols. For model development, three
lithium-ion batteries (B0005, B0006, and BO007) were utilized
in the training phase. Validation was subsequently performed
using Battery B0O018 as an independent test case to objectively
assess estimation accuracy. A multi-metric validation
approach was implemented, utilizing complementary error
measures including MSE, RMSE, and MAE, ensuring robust
performance characterization. The experimental protocol
incorporated four distinct charge-discharge cycles, including
cycles 1, 50, 100, and 130, representing different stages of
battery operation. This multi-cycle evaluation framework
enables a comprehensive assessment of the SOC estimation
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algorithm's robustness across varying operational conditions.
The complete set of estimation results is presented in Figs. 3
to 6, providing detailed graphical representations.
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Fig. 3 Illustration of the battery SOC estimation in percentage, (a)
compares the estimated SOC of the proposed method with the actual
SOC during the initial charge cycle, (b) estimated SOC of the OCT,
LSTM, and CNN-LSTM networks with the actual SOC
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Fig. 4 Assessment of SOC estimation robustness: Comparison of
predicted SOC versus actual SOC for the 50th charge cycle. (a)
proposed method in comparison with the actual SOC, and (b) OCT,
LSTM, and CNN-LSTM networks with the actual SOC
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Fig. 5 Comparison of estimated SOC versus actual SOC for the 100th
charge cycle. (a) proposed method compared to the actual SOC, and
(b) OCT, LSTM, and CNN-LSTM networks compared to the actual
SOC
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Fig. 6 The SOC estimation accuracy at the 130th cycle, showing the
comparison of actual SOC with (a) the proposed method and (b) OCT,
LSTM, and CNN-LSTM networks

Fig. 3(a) compares the SOC prediction with the actual SOC
during the initial charging cycle, performed by the proposed
method using the battery dataset. The x-axis denotes the
charging duration in seconds, while the y-axis displays the
SOC in percentage, scaled from 0% to 100%. The results
indicate remarkably precise SOC estimation. On the other
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hand, Fig. 3(b) displays the SOC estimation for the first cycle
using OCT, LSTM, and CNN-LSTM networks. As shown in
the figure, although the OCT network reduces computational
error, it still does not deliver an accurate SOC value. In
contrast, the LSTM and CNN-LSTM networks achieve much
better results, with a significant decrease in computational
error. The hybrid CNN-LSTM network, as depicted in this
figure, exhibits high precision in SOC estimation with the
lowest fluctuations. Subsequent Figs. 4, 5, and 6 depict the
SOC estimations for the 50th, 100th, and 130th charge cycles,
respectively. Accordingly, Figs. 4(a), 5(a), and 6(a) show a
comparison between the estimated SOC using the proposed
network and the actual SOC values. Besides, Figs. 4(b), 5(b),
and 6(b) display the SOC estimation results from the OCT,
LSTM, and CNN-LSTM networks compared to the battery's
actual capacity. The findings consistently highlight the
proposed method's effectiveness, achieving both high
accuracy and computational efficiency in SOC prediction
across multiple cycles.

The performance of various neural networks in estimating the
SOC of lithium-ion batteries is presented in Table 3. This table
indicates the MSE error values computed for the evaluated
neural networks. The results indicate that the OCT network
shows an error rate of 5.21% while both LSTM and CNN-
LSTM networks demonstrate significantly lower errors of
0.0594% and 0.0362%, respectively. Most notably, the
proposed network achieves an exceptional precision level with
a minimal error of 0.0056%, representing a remarkable
improvement in the SOC estimation accuracy for lithium-ion
batteries. The RMSE error rate shown in Table 3 highlights the
exceptional performance of the proposed method over the
other OCT, LSTM, and CNN-LSTM networks. The evaluation
results indicate that the proposed methodology achieves a
substantially lower error of merely 0.749%. Table 3 also
displays the comparative MAE analysis across the evaluated
networks. The proposed method demonstrates superior
performance with a minimal error of 0.60%. In addition, the
remaining networks, OCT, LSTM, and CNN-LSTM, exhibit
error rates of 18.509%, 1.927%, and 1.331%, respectively.

Table 3 Evaluation results of different tested networks for battery
SOC estimation

PARAMETERS
Algorithm MSE (%) RMSE (%) MAE (%) Number of
parameters
OCT 5.21 22.301 18.509 356364
LSTM 0.0594 2.438 1.927 36036
CNN-LSTM  0.0362 1.902 1.331 41228
OCT-LSTM  0.0056 0.749 0.6 38668

Table 3 also reveals that the proposed network exhibits a
remarkable reduction in the number of parameters, containing
only 38,668 parameters. This substantial reduction in
parameter count, combined with the observed improvement in
estimation accuracy, underscores the proposed network’s
enhanced computational efficiency and precision in SOC
estimation relative to conventional approaches.

4.3 SOH Estimation

The present section systematically reports the performance
network configurations
implemented for battery SOH assessment. Quantitative
evaluation was conducted using three established error
metrics: MSE, RMSE, and MAE. For better comparison, the
architecture of each network is characterized with full
disclosure of its number of parameters. The comparative
analyses presented in Figs. 7 and 8 demonstrate the capacity
estimation capabilities of four distinct deep learning
architectures: OCT, LSTM, CNN-LSTM, and OCT-LSTM.
Fig. 7 thoroughly highlights significant variations in predictive
accuracy across network architectures, particularly evident
during battery regeneration phenomena. Furthermore, the
figure provides critical insights into both the comparative
evaluation and validation of network performance metrics. To
validate the performance of the proposed framework, Fig. 8
especially compares the estimated battery health levels with
actual capacity measurement. The presented neural
architecture exhibits superior SOH estimation precision,
outperforming all tested networks.

outcomes of various neural
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Fig. 7 The SOH estimation of battery BO018 compared to its actual
capacity, as assessed by OCT, LSTM, and CNN-LSTM neural
networks
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Fig. 8 Comparison analysis between the estimated SOH of battery
B0018 derived from the proposed model and its actual capacity
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Among these configurations, the OCT-LSTM architecture
achieves superior estimation accuracy, while the OCT model
exhibits significantly greater variance in its predictive
performance. Notably, the standalone LSTM implementation
outperforms the OCT architecture, a finding attributable to
LSTM's inherent ability to capture temporal dependencies in
sequential data—a critical advantage for time-series regression
tasks. The hybrid architecture demonstrates that combining
OCT feature extraction with LSTM's temporal processing
capabilities yields optimal performance, with OCT-LSTM
emerging as the most effective configuration.

Table 4 compares the MSE across evaluated networks. The
OCT network shows a 4.74% error, while the LSTM and
CNN-LSTM networks achieved 0.614% and 0.4319% MSE,
respectively, exhibiting progressively better performance. The
proposed network establishes state-of-the-art performance
with a remarkable 0.0758% MSE. Table 4 also presents the
comparative RMSE analysis across evaluated network
architectures. The OCT network shows an error rate of
21.772% while subsequent architectures demonstrate
progressive improvements: the LSTM network with 7.837%
and the CNN-LSTM network with 6.57%. The proposed
architecture achieves optimal performance with 2.75% RMSE,
representing a significant reduction in estimation error. The
error comparisons in Table 4 show significant variation in
MAE among different networks. Analyses reveal that the
proposed architecture achieves the lowest recorded MAE with
1.946%. This performance hierarchy suggests that
architectural differences significantly influence estimation
accuracy, with OCT-based models showing particular
achievement for this application. Notably, the hybrid
architectures CNN-LSTM and OCT-LSTM demonstrate
greater model complexity relative to the standalone LSTM,
which correlates with their enhanced predictive capability.

Table 4 Comprehensive statistical analysis of experimental findings
in lithium battery SOH assessment

PARAMETERS

Algorithm k%) RMSE (%) MAE (%) 1]7\; ”r:l”'f;: e”rJ;
OCT 474 21772 17872 356364
LSTM 0.614 7837 6.085 36036
CNN-LSTM 04319 6.57 5.547 41228
OCT-LSTM _ 0.0758 275 1.946 38668

Fig. 9 provides a comparative analysis of the simulation
parameter counts across the evaluated network architectures.
The data reveals that the OCT, LSTM, and CNN-LSTM
networks contain 356364, 36036, and 41228 parameters,
respectively. Most notably, the proposed OCT-LSTM network
achieves a significant parameter reduction, employing only
38668 parameters. This represents a 6.21% decrease relative
to the CNN-LSTM hybrid network, demonstrating enhanced
parameter efficiency while maintaining network performance.
Most significantly, the OCT-LSTM architecture achieves
superior performance with the minimum error rate and the
lowest number of parameters, establishing it as the most

effective configuration for this application. This performance
hierarchy highlights the critical influence of architectural
design on estimation accuracy.

Number of Parameters

oct 356364

OCT-LSTM LSTM
38668 36036

onN-LsTM 1228

Fig. 9 Examining the differences in the number of simulation
parameters among the tested OCT, LSTM, CNN-LSTM, and OCT-
LSTM networks

Table 5 presents a detailed comparison between the proposed
framework and contemporary approaches in battery
estimation. X. Zhang et al. [73] used a hybrid dataset
comprising 1,278 self-collected experimental samples from
six 18650 batteries, along with public datasets from NASA and
CALCE. The GWO-BP network was trained on the self-
collected data and tested on NASA battery BO00S and CALCE
data. Their experimental results showed that the proposed
estimation model achieved an SOH estimation RMSE of
3.44%. Z. Bao et al. [ 71] proposed a model that was evaluated
on two public datasets, namely the NASA Battery Dataset and
the Oxford Battery Dataset. They trained the model on nine
batteries (B0005, B0006, B0018, B0025, B0027, B0029,
B0030, B0031, B0034) and tested it on four batteries (B0007,
B0028, B0032, B0036), achieving an overall RMSE of 3.21%.
The paper by L. Zhang et al. [72] trained and tested its model
on the NASA dataset (B5 and B6 cells) and the CALCE
dataset. For the NASA dataset, the reported RMSE values
were 3.423% for BS and 4.113% for B6.

S. Amir et al. [74] proposed a model that was trained on the
initial cycle of Vendor 4 pouch cells from the CALCE dataset
and B0005-B0018 from the NASA dataset, and then tested on
the remaining cycles of the same Vendor 4 cells, as well as on
Vendor 2 cells. The minimum achieved RMSE for SOH
estimation was 3.85%. The method proposed by A. Petrella et
al. [56] was trained on the NASA dataset (four cells: B000S,
B0006, B0007, and B0018). The model was trained on three
cells and tested on the remaining one, yielding a mean RMSE
of 6.66%, with individual cell RMSE values of 2.82%
(B0005), 6.44% (B0006), 3.30% (B0007), and 14.10%
(B0018). As can be seen, the introduced network model
demonstrates the highest accuracy, with a significantly
reduced RMSE relative to existing approaches.
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Initial benchmarking of the OCT architecture revealed its
prediction accuracy on the tested dataset. Following this
evaluation, established operational data were employed across
three neural network configurations: LSTM, CNN-LSTM, and
OCT-LSTM. Performance analysis demonstrated that the
OCT-LSTM hybrid architecture achieved the lowest error
margin among the evaluated models. Notably, this architecture
maintained this performance advantage while utilizing fewer
simulation parameters than the other networks. While the
conventional LSTM implementation showed the most
parameter-efficient design, it underperformed relative to both
hybrid configurations in terms of prediction accuracy. Under
the tested conditions, the OCT-LSTM architecture delivered
competitive estimation precision coupled with computational
efficiency, demonstrating its potential as an effective solution
for battery health (SOH) and SOC prediction.

Table 5 Performance outcomes of the proposed method compared to
previous research

Research Procedure RMSE (%)
X. Zhang et al., [73] GWO-BP 3.44
Z.Bao et al., [71] CNN-BiGRU 3.21

L. Zhang et al., [72] LSTM 3.423 and 4.113
S. Amir et al., [74] Two-RC 3.85
A. Petrella et al., [56] TSC 6.66
Proposed Method OCT-LSTM 2.75

5 Discussion

The comparative analysis reveals distinct performance
disparities among the four evaluated architectures: OCT,
LSTM, CNN-LSTM, and OCT-LSTM. Especially, the CNN-
LSTM model outperforms the standalone LSTM, reducing
MSE by 39.06% for SOC estimation and 29.66% for SOH
estimation, and the RMSE by 23.40% for SOC estimation and
16.17% for SOH estimation. The results from the OCT-LSTM
network show a notable improvement over CNN-LSTM on the
tested dataset, with 82.44% reduction in MSE for SOH
estimation, and 84.53% reduction for SOC estimation, and
58.14% decrease in RMSE for SOH estimation, and 60.62%
decline for SOC estimation. Additionally, the OCT-LSTM
achieves greater parameter efficiency compared to the CNN-
LSTM by 6.21% reduction in the number of parameters,
further highlighting its speed in computational optimization.
When benchmarked against the conventional LSTM, the OCT-
LSTM provides 90.57% lower MSE rate for SOC estimation
and 87.65% for SOH estimation, and 69.28% reduction in
RMSE for SOC estimation and 64.91% for SOH estimation,
indicating that the OCT-LSTM is a highly effective model
among those tested for this application.

The comparative evaluation shows that the proposed
methodology achieves competitive RMSE values relative to
contemporary approaches under the conditions tested. Within
the scope of this study, the OCT-LSTM framework
outperforms the traditional LSTM architectures tested.

Specifically, the OCT-LSTM approach demonstrates
advantages in error minimization, computational efficiency,
and prediction accuracy compared to the baselines evaluated
in this work. These findings highlight the potential of the
proposed OCT-LSTM network for precise SOC and SOH
estimation in lithium-ion batteries, pending further validation
under additional operating conditions and battery types.

Despite the promising results demonstrated by the proposed
model on the tested dataset, this study has some limitations that
should be considered when interpreting its findings and
generalizing its application. Primarily, the validation of the
model is constrained by its reliance on a standardized dataset,
which means its performance under a wider range of real-
world conditions has not yet been evaluated. Furthermore, the
model's power consumption remains an open question when
deployed on hardware with strict memory and processing
constraints. Finally, the model's ability to accurately estimate
SOC/SOH under unforeseen failure modes or extreme
operating conditions outside the training distribution has not
been assessed. Addressing these limitations outlines clear
pathways for future research, including validation on diverse,
multi-source  datasets, real-time embedded system
implementation, and exploration of the model's transferability
across different battery types and operational scenarios.

6 Conclusion and Future Work

Lithium-ion batteries have become an indispensable power
source across critical industries and electronic devices due to
their reliability and energy efficiency. This research
specifically addresses the precise estimation of two
fundamental parameters: State of Charge (SOC) and State of
Health (SOH) of lithium batteries. In this paper, a novel hybrid
OCT-LSTM neural network architecture is proposed. By
combining specialized LSTM and Octave networks, the
developed framework achieves substantial improvements in
both estimation precision and computational performance. A
thorough comparative analysis was conducted by
implementing and evaluating several benchmark networks,
including OCT, LSTM, and CNN-LSTM, to assess their
performance relative to the proposed model. Key evaluation
metrics included the number of simulation parameters,
computational efficiency, and error measures (MSE, RMSE,
and MAE). Additionally, dynamic variations in battery SOC
and SOH across multiple operational cycles were analyzed.

On the tested NASA dataset, the proposed architecture showed
reductions in MSE by 84.53% for SOC estimation and 82.44%
for SOH estimation compared to the hybrid CNN-LSTM
approach. Furthermore, in comparison with the LSTM
network, the improvements are even more pronounced, with
MSE reductions reaching 90.57% for SOC and 87.65% for
SOH prediction. Notably, the OCT-LSTM network exhibits
significant performance enhancements, demonstrating 60.62%
and 58.14% lower RMSE rates for SOC and SOH estimation,
respectively, when compared to the CNN-LSTM network.
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Comparative analysis with the LSTM network reveals further
improvements, showing substantial RMSE reductions of
69.28% for SOC and 64.91% for SOH estimation. These
performance metrics were obtained using the NASA battery
dataset under the specific test conditions described, and the
comparative analysis is reliable within the scope of this
experimental setup. Moreover, for data-limited scenarios,
prediction accuracy can be enhanced through data
augmentation, particularly beneficial for short charging cycles.
Experimental results demonstrate that the proposed method
achieves higher accuracy in SOC and SOH estimation
compared to OCT, LSTM, and CNN-LSTM approaches.
Future work can be focused on two key areas to advance this
research toward practical application. Foremost, the model's
robustness could be tested on a broader range of battery
chemistries, including LiCoO2, LiFePO4, and NMC.
Moreover, the methodology should be scaled from single-cell
to multi-cell and pack-level analysis. This presents challenges
such as managing cell-to-cell variations and the complex
thermal and electrical interactions within a pack, paving the
way for its adoption in next-generation energy storage
systems.

Data availability The implementation code for the proposed
model and the battery datasets used in this study are publicly
available at the following repositories: github.com/seyed-
mohammadreza-mousavi/SOH-SOC-estimation ~ for  the
modeling framework and github.com/Amirhossein-Rahimian-
Zarif/NASA_Lithium_Battery Dataset for the experimental
datasets.
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Abbreviations PCoE Prognostics Center of Excellence

EV electric vehicles mAh milliampere-hour

LSTM long short-term memory mA milliampere
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MSE mean squared error \ voltage

RMSE root mean squared error CC constant current

MAE mean absolute error CvV constant voltage

ReLU rectified linear unit EOL end of life

CNN convolutional neural network PV photovoltaics

OCT octave convolution SCA sine cosine algorithm

CNN-LSTM convolutional neural network-long short-term memory | DE differential evolution

OCT-LSTM octave convolution- long short-term memory HHO Harris Hawks optimization

SOC state of charge CPDE cycle-preserved data expansion

SOH state of health

LIB lithium-ion battery Notations

ESS energy storage system X input tensor

CCM Coulomb counting method B batch size

OoCV open-circuit voltage T time dimension

ML machine learning F feature dimension

RBF-ARX radial basis_function auto-regressive models with C channel dimension

exogenous inputs

BiLSTM bidirectional LSTM R real numbers

PSO particle swarm optimization Xy high frequency

EKF extended Kalman filter XL low frequency

ECM equivalent circuit model H—H High-to-high
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BMS battery management systems L—L Low-to-low
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ABC artificial bee colony vt high-to-low convolution output

. convolutional weight matrix for the high-to-low

DA dragonfly algorithm Wi f
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PNN parallel neural network YiH low-to-high convolution output

BPNN back propagation neural network Win convolutional weight matrix for the low-to-high
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ENN Elman neural network 1 up-sampling operation

AKF adaptive Kalman filter YiE low-to-low convolution output

R-DNN residual-deep neural network Wio ;onvolutional weight matrix for the low-to-low
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XGBoost extreme gradient boosting i modeled capacity
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