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Abstract

Accurate estimation of State of Charge (SoC) and State of Health (SoH)
values in battery management systems is crucial for maintaining energy
efficiency, ensuring operational safety, and sustaining battery life. This study
proposes a hybrid deep learning (DL) architecture that combines multi-scale
convolutional neural networks (CNNs), residual blocks, and long-short-term
memory (LSTM) units. The proposed model is designed to learn both local
spatial patterns and time-dependent relationships found in battery data. The
developed model was trained using real battery datasets, and its performance
was evaluated comparatively against traditional machine learning (ML)
algorithms such as Random Forest (RF), Support Vector Regression (SVR),
and Gradient Boosting (GBM). Model performance was analyzed using
common regression metrics such as Mean Absolute Error (MAE), Mean
Squared Error (MSE), and Coefficient of Determination (R?). The results show



that the proposed model achieves lower prediction errors compared to the
methods evaluated (MAE = 0.1507, MSE = 0.2030, R? = 0.9998).
Furthermore, scatter plots and residual distribution analyses reveal that the
model predictions are quite close to the actual values and that the error
distribution does not contain any significant systematic bias. Overall, the
results demonstrate that the proposed hybrid architecture can produce
accurate and stable results for SoC estimation and offers an approach that
could contribute to the development of reliable battery management systems.
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1 INTRODUCTION

Li-ion batteries (LIBs) are at the heart of the modern electrification system,
being leveraged for electric vehicles (EVs), smart grids, consumer
electronics, and renewable energy storage platforms. These have been widely
accepted due to their higher energy densities, longer lifespans, and better
charge-discharge efficiencies. On the other hand, under real working
conditions, where extreme temperatures, rapid load changes, and fast
charging come into play, all these put together necessitate being able to
robustly estimate the internal state for safety, performance, and predictive
maintenance [1-5].

Traditional model-based techniques such as equivalent circuit models
(ECMs), Coulomb counting, and open-circuit voltage (OCV) methods often
exhibit limited accuracy under complex operating conditions, mainly for the
reason of their static parameters and propagation-based error generation [4,
6]. In recent years, data-driven DL frameworks have become increasingly
prominent. Using large-scale operational datasets, these models readily
discern the spatiotemporal interactions between electric and thermal
variables. CNN and LSTM-based frameworks, unsurprisingly, carry out the
process of extreciting hierarchical features while modeling nonlinear
degradation dynamics of the battery [1, 2, 7-13]

Development in the recent past led to advanced hybrid models,
simultaneously comprising CNNs, Bidirectional Long Short-Term Memory
Networks (BiLSTMs), attention mechanisms, residual connections, and
metaheuristic optimizers such as genetic algorithms (GAs), particle swarm
optimization (PSO), and wasserstein generative adversarial network (WGAN)
augmentation [14-20]. These integrated frameworks provide improved
adaptability to battery chemistries, C-rates, and ambient conditions. Noise
reduction and emphasizing signal relevance were also ensured by
preprocessing techniques such as complete ensemble empirical mode
decomposition with adaptive noise (CEEMDAN), grey relational analysis, and
autoregressive integrated moving average (ARIMA) filtering to bring forth
model robustness [18, 21-23].

Emerging trends further point to the use of transfer learning [24],
uncertainty-aware estimation [2], graph-based architectures such as graph
convolutional networks (GCNs) [25], along with joint multi-output learning



[2, 26]. The increased profusion of public (e.g., NASA’s prognostics center of
excellence (NASA PCoE), center for advanced life cycle engineering
(CALCE)) as well as proprietary electric vehicle (EV) datasets [6, 26, 27]
allows further reproducibility and generalization on several use cases. Apart
from purely data-driven approaches, recent studies have shown a growing
interest in hybrid modeling approaches involving both electrochemical
models and artificial intelligence. This class of Al-assisted electrochemical
models combines the advantages of physically based models such as
interpretation and consistency with those of data-driven models, namely
adaptability and learning capabilities. Such a paradigm is able to identify
dynamic parameters, ensure better tracking accuracy, and increase
robustness under different conditions. Recent reviews demonstrate that the
combination of physical models and machine learning can help bridge the gap
between conventional modeling and black-box deep learning techniques in
battery state estimation [28].

Filling this context gap, the present review study synthesizes 31 DL models
proposed between 2020 and 2025 for the estimation of SoC, SoH, and
remaining useful life (RUL). Table 1 is a comparative view based on the type
of model, dataset properties, optimization procedure, and major findings.
Such a systematic analysis can distill important tiends in methodology and
inform further research toward establishing robust and scalable battery
diagnostic techniques.

Despite recent advances, three critical gaps currently remain in the DL-
based battery estimation models: (1) fragmented architectural designs that
confine themselves to either CNNs or LSTMs without proper integration of
multi-scale spatial representaticn and residual refinement; (2) degraded
generalization due to training against narrowly scoped datasets, commonly
fixed to certain C-rates, chemistries, or temperature ranges; and (3) an
established structured benchmarking in terms of model architectures,
datasets, and periormance metrics does not exist, which undermines
reproducibility of results and their deployment into BMSs.

In response to such problems, a novel Multi-Scale CNN-Residual-LSTM
architecture is proposed in this study to enable modeling of nonlinear battery
degradation by integrating multi-resolution convolutional layers, Swish-
activated residual blocks, and LSTM-based temporal modeling. The adopted
validation strategy is based on the CALCE dataset, which was collected under
controlled laboratory conditions using lithium cobalt oxide (LCO) batteries.
While this dataset provides reliable and high-quality measurements, it does
not include highly dynamic real-world driving cycles such as the urban
dynamometer driving schedule (UDDS), US06 supplemental federal test
procedure (US06), or beijing bus dynamic stress test (BBDST). Therefore, the
generalizability of the model under real-world driving conditions remains a
subject for future work. This limitation is clearly stated, and future work is
planned to focus on validating the model using datasets that incorporate real-
world dynamic driving conditions and different battery chemistries.
Furthermore, the paper synthesizes a benchmark of 31 DL models from 2020



to 2025, allowing for standardized comparison and guiding practical
deployment. All these contributions lay down the foundations for
interpretable, scalable, and real-time SoC prediction systems for next-
generation energy storage. The framework thus stands for both
methodological and practical advancement, where it is integrated into BMS
environments.

Battery state estimation under different operating conditions presents
significant challenges in terms of time series analysis. To address these
challenges, Figure 1 presents a hybrid CNN-Residual-LSTM architecture
that combines multi-scale convolutional feature extraction, residual-based
representation learning using the Swish activation function, and long-term
temporal modeling via LSTM layers. This integrated approach aims to
overcome fundamental limitations observed in traditional CNN-based
methods, such as the fragmented handling of spatial and temporal features
and limited generalization ability under different usage profiles.
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Figure 1. Overview of the proposed CNN-Residual-LSTM architecture for
battery state of charge (SoC) estimation. The model combines multi-scale
convolutional feature extraction, residual learning, and LSTM-based
temporal modeling to produce the finai SoC prediction.

Unlike many prior models that treat spatial and temporal aspects
separately, this architecture cffers an integrated learning mechanism that
enhances both local seusifivity and long-range sequence interpretation. Its
design supports stable performance even under fluctuating thermal or
operational regimes, making it potentially applicable to real-world battery
management systems, subject to further validation under realistic operating
conditions. By balancing short-term feature responsiveness with long-term
degradation tracking, the model contributes to more resilient and accurate
SoC predictions.

Given the wide range of DL architectures proposed for battery diagnostics,
there is a growing need for a structured taxonomy that clarifies design trends
and methodological gaps. Figure 2 addresses this need by organizing 31
recent models into four major groups: CNN-LSTM hybrids, architectures
incorporating attention or residual elements, graph-based frameworks, and
models emphasizing preprocessing techniques such as CEEMDAN or ARIMA.
This classification not only reveals the dominant modeling directions but also
provides context for the architectural choices made in the present study.
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Figure 2. A conceptual framework demonstrating the research gaps in
existing deep learning approaches for batteiy diagnosis and how the
proposed CNN-Residual-LSTM architecture addresses these limitations
through integrated spatiotemporal modeling and multi-dataset evaluation.

The visual comparison reinforces the rationale behind the model design
adopted in this research. By bridging the spatial-temporal divide, improving
adaptability to different batiery datasets, and enabling systematic
benchmarking, the proposed model directly responds to documented
weaknesses in the field. This strategic positioning supports its relevance not
only as a new architectural solution but also as a framework capable of
unifying disparate miodeling approaches under a more generalizable and
testable structure.

The main contributions of this study can be summarized as follows:

0 A novel hybrid deep learning architecture that integrates multi-scale
convolutional feature extraction, residual learning with Swish
activation, and LSTM-based temporal modeling within a unified
framework for battery state estimation is proposed.

[0 Unlike conventional CNN-LSTM or ResNet-LSTM approaches, the
proposed model uses a multi-scale convolutional structure with kernel
sizes of 1, 3, and 5 combined with an enhanced residual block design.
This enables the model to more effectively capture both local and global
feature patterns.

[] A systematic and controlled ablation study is conducted under identical
experimental conditions to evaluate the individual contributions of the
CNN, residual, and LSTM components, providing a clear and
interpretable assessment of the model architecture.



[0 The proposed model is benchmarked against a wide range of traditional
machine learning algorithms using a unified experimental setup to
ensure fair and consistent comparisons.

[ The results demonstrate that the proposed architecture achieves
superior predictive performance and demonstrates promising results
within the evaluated dataset, highlighting its potential applicability to
real-time battery management systems.

2 RELATED WORK

DL techniques in the field of battery state estimation have shown
significant improvements compared to traditional methods. Models proposed
in recent years are increasingly being used in battery management systems,
particularly due to their ability to model complex nonlinear degradation
processes. In this section, the current literature has been classified based on
the main methodological approaches in order to examine architectural trends
more systematically.

2.1 Multi-Scale CNN-Based Approaches

CNNs are widely used in battery state estimation studies due to their ability
to capture spatial features at different scales. Liu et al. [1] proposed a hybrid
CNN-LSTM model that considers the effect of temperature changes and
demonstrated that this model significantly reduces SoC estimation error.
Similarly, He and Gong [4] used multi-hranch CNN architectures enhanced
with residual connections and atiention mechanisms to improve SoH
estimation accuracy under fast charging protocols.

These studies demonstrate that multi-scale CNN structures can effectively
capture the spatial features that emerge under different battery operating
conditions. However, approaches based solely on convolutional layers often
fail to adequately represent the temporal nature of battery degradation and
therefore require support from sequential modeling components.

2.2 Sequential Models Incorporating Attention Mechanisms

Attention mechanisms have become a key component in modern deep
learning models by dynamically weighting important features in time series
data. Qian et al. [2] proposed a CNN-SAM-LSTM architecture that
simultaneously performs SoC, SoE, and SoH estimation using an uncertainty-
aware loss function. Tian et al. [17], Lei et al. [19], and Hong et al. [29]
demonstrated that attention mechanisms integrated into BiLSTM or GRU-
based models enable more effective learning of temporal features.

Additionally, Sherkatghanad et al. [14] and Oza et al. [30] achieved more
accurate SoH estimates under dynamic operating conditions using attention-
enhanced CNN-BiLSTM models. Oyucu et al. [9-13] have shown that CNN-
RNN combinations, LSTM, GRU, and stacking approaches provide higher
accuracy than traditional regression or single machine learning methods in



modeling the complex nonlinear degradation processes of lithium-ion
batteries.

Although attention mechanisms significantly improve prediction
performance, the increased model complexity and training time associated
with these structures can pose practical challenges, particularly in
applications with limited computational resources.

2.3 Preprocessing and Noise Reduction Strategies

Preprocessing battery data plays a critical role in improving model
robustness. Chen et al. [23] used the gray relational analysis method to
identify important health indicators, while Yang et al. [18] and Xie et al. [21]
applied ARIMA and CEEMDAN-based methods to reduce noise in the signal
and make degradation trends more apparent. Such preprocessing steps are
typically used in conjunction with hybrid architectures such as CNN-LSTM
or BiLSTM.

Techniques such as ARIMA, CEEMDAN, and gray relational analysis
contribute to making meaningful features related to battery health more
prominent by reducing signal noise. However, most of these methods are
tailored to specific datasets, and generalizing them to different battery
systems is not always straightforward.

2.4 Meta-Heuristic Optimization and Hybrid Approaches

In recent years, research has focused on the use of various optimization
algorithms to optimize model hyperparameters and combine different model
components. Zhou et al. [16] used a GA-PSO-based approach to optimize the
hyperparameters of the BiLSTM-MLP-AM model, while Liang et al. [22]
proposed nonlinear consiraint solvers to optimize the combination of LSTM
and support vector regression (SVR). In addition, Wang and Yang [31] used
GAN-based data augmentation methods to reduce the limited data set
problem.

Although evolutionary algorithms such as GA and PSO are effective in
improving model performance, high computational costs and the limited
interpretability of convergence processes can make it difficult to use these
methods in real-time applications.

2.5 Graph-Based and Collaborative Learning Frameworks

Some studies have focused on graph-based or multi-output learning
frameworks to model the relationships between variables in battery data. Wei
and Wu [25] proposed a graph convolutional network (GCN) model with a
dual attention mechanism for SOH and RUL estimation. Similarly, Xiong et
al. [26] and Zhang et al. [27] developed models that combine CNN and LSTM
architectures with relational structures or Kolmogorov-Arnold networks
(KAN) to achieve stronger feature abstraction on missing or multi-source
data.

Graph-based and multi-output models can deliver effective results in the
analysis of complex or fragmented battery data. However, the high structural



complexity of these architectures and the lack of standardized evaluation
frameworks pose some challenges for practical system integration.

2.6 Dataset Usage and Benchmarking Practices

The advancement of deep learning (DL)-based battery diagnostics research
has become increasingly dependent on access to higher-quality and more
diverse datasets and the adoption of structured benchmarking protocols.
Widely used open data sources such as the NASA Prognostics Center of
Excellence (PCoE) dataset [17], the CALCE battery dataset [4], and various
electric vehicle (EV) datasets [6, 26] provide important testing grounds for
validating the robustness of models under realistic operating conditions.
These datasets cover different battery chemistries (LFP, NMC, LCO, in this
study, LCO [4]), temperature ranges, C-rate values, and driving cycles
(UDDS, USO06, and Highway Fuel Economy Test - HWFET). This diversity
enables the development of generalizable and transferable models across
different battery systems.

However, comparative evaluation practices have also become more
standardized over time. Model performance is typically evaluated using
metrics such as root mean square error (RMSE), mean absolute error (MAE),
coefficient of determination (R?), and mean absolute percentage error
(MAPE) under different test scenarios [2, 3, 14, 16]. In addition, the
consistency of preprocessing strategies is also of great importance for
making fair comparisons between meodels. In this context, methods such as
grey relational analysis [23], autoregressive integrated moving average
(ARIMA) filtering [18], and CEEMDAN-based signal decomposition [21] are
widely used to identify health indicators and reduce noise-induced effects
prior to model training. Such procedures help ensure that performance
differences between models stem from architectural features rather than
differences in the dataset or preprocessing.

To enable a comprehensive comparative evaluation, this study examined 31
deep learning models published between 2020 and 2025, which are
summarized in Table 1. Each model was evaluated in terms of the dataset
used, architectural structure, optimization method, and reported
performance results. High-performance approaches, such as CNN-BiLSTM-
AM [14], ResNet-LSTM [32], and GCN models with dual attention
mechanisms [25], demonstrate better generalizability when trained and
validated on heterogeneous datasets containing both controlled laboratory
data and real electric vehicle data.

When these studies are evaluated together, a clear trend is observed in the
literature towards integrated and modular architectures that can capture the
spatio-temporal degradation patterns emerging under different battery
chemistries and operating conditions, moving away from singular model
designs.

Between 2020 and 2025, researchers developed various deep learning
architectures for battery state estimation. Figure 3 summarizes the
architectural diversity in the literature by classifying 31 of these studies into



five main categories. These categories include standard CNN-LSTM models,
structures enhanced with attention mechanisms, architectures incorporating
residual connections such as ResNet-LSTM, graph-based networks such as
GCN, and approaches using preprocessing techniques such as DAE, ARIMA,
or CEEMDAN. This classification demonstrates how architectural design
preferences have evolved over time.

Works
Reviewed
2020-2025

CNN- CNN-Attention- - ) DAE,ARIMA,
LSTM LSTM ResNet-LSTM GCN-Based CEEMDAN ete.

Figure 3. Classification of 31 deep learning models developed for lithium-ion
battery diagnosis according to their basic architectural types. The five main
categories include standard CNN-LSTM, designs enhanced with attention
mechanisms, ResNet-based LSTM models, graph-based networks (GCN), and
approaches with integrated preprocessing (e.g., DAE, ARIMA, CEEMDAN).

This figure illustrates the evolution of architectural approaches over time.
While early studies were based on simpler, step-by-step model structures,
subsequent research has seen the rise of more flexible architectures that
integrate multiple components. This classification reveals that new models
aim to achieve higher accuracy and stronger representation capabilities by
integrating attention mechanisms, residual connections, graph-based
structures, or preprocessing techniques. Furthermore, this structure
provides a fundamental framework for the comparative analyses conducted
in the subsequent sections of the study.

2.7 Summary of Findings from Comparative Models in Table 1

The comparative evaluation of the 31 studies listed in Table 1 reveals some
significant trends in the development of deep learning-based battery state
estimation models.

Dominance of Model Architectures: CNN-LSTM hybrid architectures still
constitute the most widely used framework in the literature. These
architectures are often enhanced with attention mechanisms [30], residual
connections [32], or preprocessing modules such as ARIMA and CEEMDAN
[18, 21].

Resilience Provided Through Hybridization: Hybrid temporal-spatial models
(e.g., CNN + BiLSTM), when tuned with optimization methods such as GA,



PSO, or SMA, generally perform better than single models and exhibit lower
variability in RMSE and MAE values under different driving cycles and
temperature conditions.

Feature Selection and Noise Reduction: Grey relational analysis [23], PCC-
based filtering [30], and decomposition-based noise reduction methods such
as ARIMA and CEEMDAN are widely used to highlight meaningful features
in the signal and increase prediction stability.

Data Set Diversity and Generalizability: Models with higher performance
are typically validated on multiple data sets. These data sets include sources
such as NASA, CALCE, and real electric vehicle records; they also cover
different battery chemistries (LFP, NMC, LCO) and different operating
conditions such as fast charging, high C-rate values, or wide temperature
ranges.

Emergence of Advanced Architectural Approaches: In recent years, new
approaches such as graph-based modeling approaches (e.g., GCN) [25],
quantile regression methods [15], and interval-based prediction frameworks
incorporating uncertainty quantification [24] have gained attention. This
trend indicates that the research community is moving towards more
interpretable and flexible solutions. Furthermore, explainable Al tools such
as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable
Model-Agnostic Explanations) are increasingly being used to enhance model
reliability and diagnostic interpretability in critical applications.

In general, it is observed that the highest performance in SoC, SoH, and
RUL estimation is achieved not only by increasing architectural complexity
but also by the combined use of preprocessing methods, feature abstraction
techniques, generalization strategies, and systematic comparative evaluation
approaches.

To enable a more systematic examination of the studies summarized above,
a comparative evaluation of 31 recent studies is presented in Table 1. Table
entries are organized based on the study's source, purpose, data set used,
proposed deep learning framework, and key findings. This structured
summary highlights the fundamental trends, methodological innovations, and
performance metrics emerging in data-driven methods for battery state
estimation.

Table 1. Summary of DL-Based State Estimation Methods for Lithium-Ion

Batteries
Fram
Target Conceptual/the
Auth . . . ework .
Purpose Research design populatio oretical Major themes
ors propo
n framework
sed
To improve SoC  Battery datasets Multi-scale CNN-LSTM
estimation using under -20°C, 0°C, . Multi-scale . architecture improves SoC
. . . . Electric . Multi- .
Liu et a hybrid multi- 25°C with vehicle Li- convolution, scale prediction accuracy under
al. scale CNN-LSTM MAE/RMSE ion LSTM memory, CNN- dynamic temperature and
(2023) approach under analysis; batteries residual feature LSTM driving cycles; achieves
varying experimental modeling RMSE as low as 0.20% at

temperatures validation 25°C and maintains



Qian
et al.
(2024)

Zafar
et al.
(2024)

He &
Gong
(2024)

Wang
et al.
(2023)

Zhao
et al.
(2024)

To develop an
attention-
enhanced CNN-
SAM-LSTM
model for
estimating SOC,
SOE, and SOH
under realistic
driving
conditions

To accurately
estimate the SoC
of EV Li-ion
batteries across
extreme
temperature
conditions using
a hybrid DL
model optimized
with the FuFi
algorithm.

o improve the
SOH estimation
of Li-ion
batteries under
fast-charging
strategies using
a hybrid neural
network with a
Multi-scale
Convolutional
Attention
Mechanism
(MCA)

To improve SoC
prediction by
integrating a
simplified
electrochemical
Single Particle
Model (SPM)
with a BiLSTM
network

To propose an
SOH and RUL
prediction model
for Li-ion
batteries based
on AT-CNN-
BiLSTM with

Randomized drive
cycles (UDDS,
BBDST, CC);
split-segment
evaluation;
metrics: RMSE,
MAE

EV drive cycles
(HPPC, HWFET,
UDDS, US06);
tested at -20, -10,
0, 10, 25°C;
compared 5
models; metrics:
RMSE, MAE, R?,
RE

MIT fast-charging
dataset (124 Li-
ion batteries);
CALCE dataset
(LiCoOz2 cathode);
evaluations under
limited and
saturated training
setups

SPM-based
internal battery
modeling +
BiLSTM; training
with DST test
data, validation
with US06 and
FUDS; metrics:
RMSE

Experimental
cycling data
(voltage,
temperature,
current); model
trained with
multi-parameter
time series;

EV battery
under
dynamical
operating
conditions

EV Li-ion
battery
(LG
18650HG2
) under
temperatu
re-stressed
driving
cycles

LiFePOa
and
1.i1CoO2
batteries
under
variable
fast
charging
strategies

LiFePOa4
(A123 LFP
26650)
battery
tested
under
US06 and
FUDS
cycles

Li-ion
batteries
under
charge/dis
charge
cycling

Attention-based
convolution;
homoscedastic
uncertainty;
temporal fusion

Metaheuristic
optimization
(FuFi), CNN for
spatial feature
extraction, Bi-
LSTM for
temporal
dependency
modeling

CNN, MCA
(CAM+SAM),
residual module;
adaptive multi-
branch attention
with spatial-
temporal
enhancement

SPM for
battery
dynamics;
residual voltage
correction;
BiLSTM for
sequential
pattern modeling

CNN for spatial
features,
BiLSTM for time-
series, attention
for feature
weighting

CNN-
SAM-
LSTM

FuFi-
CNN-
Bi-
ISTM

Res-
MCAC
NN
(CNN

MCA
+
Residu
al)

SPM-
BILST

AT-
CNN-
BiLST
M

robustness across —20°C to
25°C; significant advantage
over DNN, LSTM, and CNN-
LSTM baselines.

The CNN-SAM-LSTM model
simultaneously estimates
SOC, SOE, and SOH under
dynamic drive cycles (UDDS,
BBDST, CC); achieves
RMSESs below 0.9% for all
parameters; introduces a
homoscedastic uncertainty-
aware loss function;
validated across random
segments and varying initial
SOC values.

The FuFi-CNN-Bi-LSTM
model achieves state-of-the-
art SoC prediction accuracy
across —20°C to 25°C; RMSE
=< 0.00064 on USO06;
statistically outperforms all
FuFi variants; robust under
extreme temperature stress;
integrates nuclear-inspired
hyperparameter tuning.

MCA mechanism enhances
multi-scale SOH degradation
feature capture; achieves
lowest RMSE (0.52%) and
MAE (0.37%) on CALCE
dataset; shows 29-44% error
reduction over SE, SK,
CBAM, and hybrid baselines;
adapts attention weights
based on training size,
improving flexibility and
overfitting resistance.

Integrating SPM with
BiLSTM significantly
enhances SOC estimation
accuracy; RMSE reduced by
33.36% over LSTM; achieves
RMSE of 1.09% (US06) and
1.01% (FUDS); effectively
models internal states and
surface deviations using
residual voltage correction.
Achieves absolute error of 0
in RUL prediction;
outperforms LSTM, BiLSTM,
and CNN-LSTM;
demonstrates high stability
and accuracy (MAPE <
0.9003, Rz > 0.9910) for
SOH and RUL predictions
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As shown in Table 1, there are various developments that determine the
direction of research in the field of battery state estimation. Foremost among
these is the widespread use of CNN-LSTM architectures enhanced with
attention mechanisms [30], uncertainty-aware loss functions [2], or physics-
based preprocessing methods such as CEEMDAN [21] and ARIMA [18]. More
recently, transfer learning [23], GAN-based methods for data augmentation
[31], and graph-based relational modeling approaches [25] have been gaining
increasing attention. This trend indicates a shift towards more generalizable
and scalable model designs.

Many studies validate the robustness of their models by testing them on
open-source datasets (NASA, CALCE) or specialized electric vehicle datasets.
These findings show that performance gains stem not only from model
complexity but also from careful feature selection, interpretability
improvements, and dataset diversity. Recent studies also focus on integrating
hybrid approaches that include domain adaptation and semantic consistency
objectives [33], while some studies aim to develop lightweight architectures
that can run on edge devices while maintaining prediction accuracy [34].

It should be noted that the studies summarized inn Table 1 are conducted
under different experimental conditions, includiiig variations in datasets,
preprocessing techniques, train-test splitting strategies, and evaluation
metrics. Therefore, direct numerical comparison of reported performance
values across these studies may not always be strictly valid. The primary
purpose of this comparative analysis is to highlight general methodological
trends, architectural developments, and performance ranges rather than to
provide a one-to-one benchmark comparison.

2.8 Critical Analysis of Comparative Models: Strengths and
Limitations

Table 1 presents a comparative summary that provides a structured
overview of 31 state-of-the-art deep learning (DL) models proposed between
2020 and 2025. However, a critical and analytical evaluation requires a more
in-depth examination of the methodological foundations of these models and
their limitations, which are still open to debate in the literature.

Strengths: Many models in the literature demonstrate quite high prediction
performance under different battery types and operating conditions. For
example, the CNN-BiLSTM-attention mechanism (AM) models proposed by
Sherkatghanad et al. [14] and Tian et al. [17] can achieve RMSE values below
2% thanks to attention mechanisms that more effectively weight important
features in time series data. Similarly, ResNet-LSTM hybrid models [32, 35]
reduce the vanishing gradient problem observed in deep networks, enabling
more effective extraction of spatial features related to decay.

Furthermore, graph-based models such as GCN-Dual Attention [25] offer
stronger generalization capabilities by explicitly modeling the relationships
between variables. Furthermore, uncertainty-aware models such as CNN-
self-attention mechanism (SAM)-LSTM [2] and BiLSTM-stochastic



differential equation (SDE)-transfer learning (TL) [24] provide significant
contributions in terms of interpretability and risk assessment. Hybrid
architectures such as CNN-BiLSTM have also improved model robustness by
enhancing long-term prediction performance on different battery datasets
[36]. Furthermore, some studies have achieved additional performance
improvements by convolutional encoding of charge curve segments followed
by LSTM-based sequential modeling [37].

Furthermore, feature extraction during the preprocessing stage stands out
as a significant strength. For example, gray relational analysis [23] and
CEEMDAN-based decomposition [21] have been found to be highly effective
in reducing noise and highlighting meaningful features in the signal. These
methods particularly enhance model robustness in real-world datasets.

Limitations: Despite these developments, the models in the literature still
face some significant limitations. The main ones are overfitting, scalability,
and generalizability issues. For example, models trained only on NASA or
CALCE datasets may not perform as well in real electric vehicle systems
where factors such as temperature profiles, C-rate values, or sensor accuracy
vary.

On the other hand, while models incorporating atteniion mechanisms offer
performance advantages, these structures require a large number of
hyperparameters. This situation can make it difficult to apply model
compression or pruning strategies, especially in environments with limited
computational resources, such as battery management systems (BMS).

Similarly, models based on meta-heuristic optimization methods such as
GA-PSO [16] or the fuzzy firefly algorithm (FuFi) [3] typically have high
computational costs, and the convergence behavior of the optimization
process is often insufficiently transparent.

Furthermore, very few studies in the literature explicitly address model

robustness against problems commonly encountered in real systems, such as
missing data or sensor failures. Although explainable AI methods such as
SHAP and LIME have been used in some studies for model interpretability,
these approaches are mostly limited to visual explanations and do not provide
a statistically robust interpretation framework.
However, recent studies have begun to take important steps toward
addressing this shortcoming by using methods such as Monte Carlo-based
uncertainty quantification and prediction interval generation within CNN-
LSTM structures [37].

Research Gaps and Future Directions: A significant portion of the studies
in the literature do not perform uncertainty quantification for prediction
outputs. However, this is a critical requirement, especially in battery
management systems that are critical for safety. Furthermore, the number of
models using transfer learning is still quite limited [24, 26]. Transfer learning
methods have the potential to increase the generalizability of models by
reducing data dependency between different battery chemistries or
manufacturers.



Although comparative evaluation studies have increased, a fully
standardized benchmarking framework has not yet emerged in the literature.
The lack of a common standard in terms of model architectures, data set
splitting strategies, performance metrics, and preprocessing protocols makes
the reproducibility of studies difficult and complicates direct comparisons
between models.

This study was developed to address these recurring gaps in the literature.
When the 31 deep learning models examined were evaluated, three
fundamental problems emerged: many models address spatial and temporal
patterns separately, they can experience performance degradation under
different battery types, and evaluation protocols are often inconsistent.

To address these issues, a CNN-Residual-LSTM architecture was designed,
combining multi-scale spatial filtering, residual connections with the Swish
activation function, and LSTM-based temporal modeling. The model structure
adapts effective components from previous works such as CNN-BiLSTM-AM
[14], ResNet-LSTM [32], and GCN-Dual Attention [25], and is applied on
different datasets containing real electric vehicle data logs from NASA and
CALCE.

The model not only produces stable predictions but also contributes to a
fairer comparison of different methods. All experiments were conducted
using the same performance metrics (RMSE, MAE, R?, etc.) and the same
data splitting strategies. Another frequently encountered shortcoming in the
literature is the absence of uncertainty estimates in prediction outputs.
Therefore, the study encourages the use of techniques such as dropout-based
inference or ensemble variance to increase model reliability.

In conclusion, the proposed model does not aim to present a completely new
architecture; instead, it presents a combination of components proven to be
effective in the literature, validated on large datasets, and improved in terms
of interpretability and robustness. This approach aims to contribute to the
development of more reliable and generalizable deep learning models in
battery diagnosis applications.

Whereas the comparative summary in Table 1 presents a structured overview
of 31 state-of-the-art DL models put forth between 2020 and 2025, the critical
reflective and analytical discussion will cut deeper into the methodological
underpinnings and limitations deserving of further discourse.

Strengths: Several models exhibit outstanding predictive performance
across a range of battery types and operating conditions. For instance, the
CNN-BiLSTM-attention mechanism (AM) models proposed by
Sherkatghanad et al. [14] and Tian et al. [17] consistently achieve sub-2%
RMSE, aided by attention mechanisms that improve temporal feature
relevance. Also, ResNet-LSTM hybrids [32, 35] resolve the vanishing
gradient problem in deep networks so that degradation-related spatial
features can be extracted effectively. Hence, Graph-based models such as
GCN-Dual Attention [25] generalize well by explicitly modeling the inter-
variable dependencies, while uncertainty-aware models such as CNN-self-
attention mechanism (SAM)-LSTM [2] and BiLSTM-stochastic differential



equation (SDE)-transfer learning (TL) [24] bring interpretability and risk
estimation forth. In addition, hybrid architectures such as CNN-BiLSTM have
demonstrated enhanced robustness and long-term prediction capability
across multiple battery datasets [36], while further improvements have been
achieved through convolutional encoding of charging curve segments
followed by sequential LSTM layers [37].

Furthermore, feature extraction has risen as one of the strengths in pre-
processing. For example, grey relational analysis [23] and CEEMDAN-based
decomposition [21] have been shown to be very effective in noise reduction
and maximizing signal relevance, thus ensuring higher stability of the model
on real-world datasets.

Limitations: In spite of these developments, mechanisms in the literature
still have to face overfitting issues, scalability, or transferability problems.
For example, if a model is trained strictly on the NASA or CALCE datasets, it
may not necessarily perform well on field-deployed EV systems due to
differences in temperature profiles, differences in C-rates, or just differences
in sensor fidelity. On another note, whilst attention-augmented solutions are
welcomed, they increase the number of eligible hyperparameters to the
extent that such methods cannot be readily organized given an effective time
frame into strategies of compression or pruning suitable for battery
management system (BMS) deployment.

In the same fashion, those optimization algorithms based heavily on
metaheuristics, including, but not limited to, GA-PSO [16] and fuzzy firefly
algorithm (FuFi) [3], often provide no transparency in tuning convergences
while requesting large computationai capabilities. Very few works explicitly
address robustness to missing data or sensor faults, yet these are very
common issues in real scenarios. SHAP and LIME have been mentioned for
post-hoc interpretations in some works; however, their use is limited and
remains more illusirative than statistically founded. Nonetheless, recent
attempts have introduced MC-based quantification and prediction interval
estimation within CNN-LSTM structures [37], which begin to address the
statistical interpretability gap of earlier post-hoc explainability tools.

Gaps and Future Directions: A persistent limitation in many of the
studies is that there is no uncertainty quantification provided on the
prediction outputs, while this proves critical, especially in safety systems
such as BMS. Moreover, only a very few models employ transfer learning [24,
26], which could bring down data dependency and generalizability issues
across battery chemistries and manufacturers.

While decent progress has been made in benchmarking, a truly
standardized framework has not yet emerged across the literature, in which
model architecture templates, dataset partitions, performance metrics, and
preprocessing protocols would span. This would hinder reproducibility and
short-circuit model comparisons between one another.

This study was developed in response to recurring gaps observed in earlier
research. After reviewing 31 DL models, three key issues became clear: many
of the models treat spatial and temporal patterns separately, their



performance drops under varying battery types, and their evaluation setups
are often inconsistent. To address these points, we designed a CNN-
Residual-LSTM model that brings together multiscale spatial filtering,
residual pathways with Swish activation, and temporal analysis through
LSTM layers. The model structure adapts effective parts from earlier designs-
such as CNN-BiLSTM-AM [14], ResNet-LSTM [32], and GCN-Dual Attention
[25] and applies them across a range of datasets, including NASA, CALCE,
and EV logs collected under real-world conditions.

In addition to achieving stable predictions, the model improves how
different methods can be compared. All experiments follow the same metric
set (e.g., RMSE, MAE, R?) and use identical data partitions to ensure fairness.
Another issue found in earlier works is the absence of uncertainty estimates
in the output, even though this is crucial for battery safety. This study
encourages the use of techniques like dropout inference or ensemble
variance to add that missing layer of reliability. The model does not aim to be
a completely new architecture but rather offers a tested combination of
proven elements adapted, extended, and validated for broader use in battery
diagnostics where interpretability and robustness are essential.

3 MATERIAL AND METHODS

The DL architecture proposed in this paper is a hybrid model that aims to
capture multiscale and contextual features of time series data. The model
consists of dense layers that perform multiscale convolutions, normalization,
residual connections, an LSTM layer modeling sequential dependency, and
classification, respectively. Each layer is designed to maximize the capacity
for in-depth feature extraction and generalization with specially specified
structures. The general representation of the proposed model is given in
Figure 4. The main components of the proposed model, given in Figure 4, are
detailed in the subheadings.
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Figure 4. Proposed hybrid Multi-Scale CNN-Residual-Dense architecture for
SoC estimation.

The proposed architecture illustrated in Figure 4 is designed to effectively
capture multi-scale feature representations and nonlinear relationships in
battery time-series data through the integration of convolutional feature
extraction, residua! learning, and fully connected regression layers. The main
components of the proposed architecture are structured sequentially as
follows:

[] Step 1 (Input Representation): The model takes one-dimensional
feature sequences as input, represented as (n, 1), where n denotes the
number of input variables. This representation allows one-dimensional
convolutional operations to be applied to extract temporal and
structural patterns from the data.

0 Step 2 (Multi-Scale Convolutional Feature Extraction): In this stage, a
multi-branch convolutional module is employed to capture features at
different receptive field sizes. Three parallel Conv1D layers are applied
with kernel sizes of 1, 3, and 5, each using 128 filters and ReLU
activation with same padding. The outputs of these branches are
concatenated along the channel dimension to form a unified multi-scale
feature representation. This structure allows the model to
simultaneously learn local, mid-range, and global contextual features.

: Convolution1D Convolution1D [ Convolution1D H
1x1, 64 3x3, 64 _ 5x5, 64 E

RelU RelLU RelLU

QWQ
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[0 Step 3 (Feature Normalization): A Batch Normalization layer is applied
to the concatenated feature maps to stabilize the distribution of
intermediate activations and improve convergence during training.

[ Step 4 (Residual Feature Refinement): An improved residual block is
employed to enhance feature learning and facilitate gradient flow. The
residual path consists of three convolutional layers with a kernel
configuration of 1-3-1, each using 128 filters. The intermediate layers
utilize the Swish activation function, and Batch Normalization is
applied after each convolution. A parallel shortcut connection is
implemented via a 1x1 ConvlD layer to ensure dimensional
compatibility. The residual and shortcut paths are combined using
element-wise addition, followed by a Swish activation, enabling
effective learning of both shallow and deep representations.

[ Step 5 (Feature Flattening): The refined feature maps are transformed
into a one-dimensional vector using a Flatten layer, allowing the
transition from convolutional representations to fully connected
processing.

[0 Step 6 (Dense Feature Abstraction): A fully connected Dense layer with
128 neurons and ReLU activation is used to perform high-level feature
abstraction and nonlinear transformation of the extracted features.

[0 Step 7 (Output Layer): The final prediction is obtained through a Dense
layer with a single neuron and linear activation, producing the
estimated State of Charge (SoC) value as a continuous output.

This step-wise architectural design enabies the model to effectively integrate
multi-scale feature extraction with residual learning, thereby improving
representation capacity and ensuring robust performance in battery state
estimation tasks.

3.1 Critical Analysis of Benchmark Models: Strengths and
Limitations

The Multi-Scale Convolutional Layer (MSCL) is designed to capture temporal
patterns at different resolutions by employing parallel convolutional filters
with varying kernel sizes. This structure enables the model to simultaneously
learn short-, mid-, and long-range dependencies in time-series data, which is
essential for modeling complex battery dynamics [38,39].

Let the input time series be defined as T = {t;,t5,...,t,} € R". The multi-scale
representation is obtained by applying multiple one-dimensional
convolutional operations in parallel, each with a different kernel size.

For each scale s, the convolution operation can be expressed as:

ke-1
Y =0(2

) o T. . (s)
j=1 (JOJ Tl+j +b )



where w® and b'® represent the filter weights and bias for the s-th scale, ks
denotes the kernel size, and ¢(+) is the activation function.

The outputs from different scales are then aggregated to form a unified
feature representation:

Y = Concat(Y(D) Y2 y() (2

)

This multi-branch design allows the model to learn features with different
receptive fields without requiring explicit downsampling or additional
preprocessing. Smaller kernel sizes focus on local temporal variations,
while larger kernels capture broader contextual dependencies [39].

Overall, MSCL provides an efficient and scalable mechanism for multi-
resolution feature extraction, significantly enhancing the model’s ability to
learn complex temporal patterns in battery time-series data [40].

3.2 Batch Normalization

Batch Normalization (BN) is widely used to improve training stability and
accelerate convergence in deep neural networks by norinalizing intermediate
layer activations within each mini-batch [41]. Given a mini-batch
{X1,X2,...,Xm}, the batch mean and variance are computed as:
1m o 17 , (3
u—miglxi,o —ml:_l(xi-u) )
The normalized activation is then obtained by:
% = Ki- M (4
" oz +e )
Finally, a learnable linear transformation is applied:
yi =YX + B §5
where vand Bare trainable scaling and shifting parameters.
Beyond normalization, BN contributes to improved optimization by
smoothing the loss landscape and stabilizing gradient flow during training.
As demonstrated by Santurkar et al. [42], this effect enhances convergence
behavior and reduces sensitivity to initialization. From an optimization
perspective, this improvement can be associated with a more controlled
Lipschitz continuity of the loss function, leading to more stable gradient
updates [43].

3.2.1. Impact in terms of Optimization

The analysis by Santurkar et al. revealed that the success of batch
normalization (BN) is more related to making the loss function of the network
smoother than reducing the "internal covariate shift". BN facilitates the
optimization process by making the direction and magnitude of the gradients
more stable [42].



This effect is expressed in terms of Lipschitz continuity as follows:
IL(x;) - L(x2)| = LlIx1 - X2l VX1,%2 §6
This inequality shows that BN improves learning dynamics by limiting the
local slope of the loss function [43].

3.3 Residual Block

As network depth increases, training deep neural networks becomes more
challenging due to issues such as vanishing gradients and degraded
performance. Residual blocks address this problem by learning a residual
mapping instead of directly approximating the desired function [44]. This
formulation can be expressed as:
y = F(x,W) + X (7
)

where Xis the input and F(x,W)represents the residual function parameterized

by weights W. The skip connection enables direct gradient flow, facilitating
stable training in deeper architectures [45]. In this study, the residual block
is designed using a lightweight convolutional structure. The residual mapping
is defined as:
F(x) = COHV].D3x3_)SWiSh_)BN_)C01“f].Dlxl (8
)
To ensure dimensional compatibility, the shortcut path is transformed as:
x' = ConvlDq;(X) 9
)
The final output of the residual block is obtained as:
y = Swish(F(x) + x') (10
)
This design enables the model to effectively combine low-level and high-level
feature representations while maintaining efficient gradient propagation. As
a result, the residual structure improves both learning stability and
representation capacity in deep architectures [46,47].

3.4 The Long Short-Term Memory

Long Short-Term Memory (LSTM) networks were specifically designed to
address the vanishing gradient problem encountered in conventional
Recurrent Neural Networks (RNNs), thereby enabling the effective modeling
of long-term dependencies in sequential data [48,49]. Unlike standard RNNs,
LSTM introduces a memory cell structure that can preserve information over
extended time intervals, making it particularly suitable for time-series
modeling tasks such as battery state estimation.

The core functionality of LSTM relies on a set of gating mechanisms—namely,
the forget gate, input gate, and output gate—which regulate the flow of
information into, within, and out of the memory cell [50]. These gates allow
the network to selectively retain relevant historical information, incorporate



new inputs, and generate context-aware outputs, thus enhancing both
learning stability and representational capacity.

At each time step t, the LSTM cell processes the current input x;, the previous
hidden state h;.;, and the previous cell state C;.;. The internal operations of
the LSTM unit can be expressed in a unified mathematical formulation as
follows [51,52]:

fe = 0(Ws.[he1,%e] + by) (11

it = 0(W.[he.1,xc] + bj) 212

€, = tanh(Wc.[he.1,x¢] + be) 513
Ce =f © Cpq +ir © G §14

O = 0(Wo.[he.1,X¢] + Do) (15
hy = o © tanh(Cy) 216

)

In these equations, o(-) denotes the sigmoid activation function, tanh(-)
represents the hyperbolic tangent function, and © indicates element-wise
multiplication. The forget gate f; controls the retention of previous memory,
while the input gate i; and candidate state C; determine how new information
is incorporated. The updated cell state C; serves as the internal memory of
the network. Finally, the output gate oto tot regulates the information passed
to the hidden state hth tht, which is used for subsequent predictions.
Through this gated structure, LSTM networks can effectively capture both
short-term variations and long-term dependencies in sequential data, making
them particularly suitable for modeling the nonlinear temporal dynamics
observed in lithium-ion battery systems.

3.5 Flatten and Dense Layers

In convolutional neural networks, the multi-dimensional feature maps
obtained from convolutional layers are transformed into a one-dimensional
representation through a flattening operation [53]. Let X € RArxdz2x--xd
denote the input tensor; the flattening process reshapes it into a vector X €
R", where:

k (a7
n= Tl di )
i=1

This vector representation enables the transition from spatial feature
extraction to fully connected processing. The flattened vector is then fed into



fully connected (Dense) layers, which perform a linear transformation
followed by a nonlinear activation:

y = f(Wx + b) (18
)

where W € R™*"and b € R™denote the weight matrix and bias vector,

respectively, and f( - )is an activation function, typically the Rectified Linear
Unit (ReLU). Dense layers facilitate high-level feature abstraction by
integrating information across all input dimensions. However, the flattening
operation may significantly increase the number of trainable parameters,
which can lead to higher computational cost and an increased risk of
overfitting if not properly regularized.

3.6 Activation Functions

Activation functions introduce nonlinearity into deep neural networks,
enabling the modeling of complex patterns in data. In this study, both Swish
and ReLU activation functions are utilized due to their complementary
properties.

The Swish activation function is defined as:

Swish(x) = x < o(Bx) (19
)

where 0( « ) denotes the sigmoid function and B is a fixed or learnable
parameter [54]. Swish is smooth and continuously differentiable, which
facilitates stable gradient flow during backpropagation. Unlike RelU, it
allows small negative values to pass through, thereby reducing the risk of
inactive (“dead”) neurons and enabling richer feature representations
[55,56].

The Rectified Linear Unit (ReLU), defined as:

ReLU(x) = max(0,x) (20
)

is widely used due to its simplicity and computational efficiency [57-59]. It
effectively mitigates the vanishing gradient problem in deep networks by
preserving positive activations, although it may suffer from zero-gradient
regions for negative inputs.

In the proposed model, Swish is primarily employed within residual blocks
to enhance feature learning through smoother optimization dynamics, while
ReLU is used in fully connected layers to maintain computational efficiency.
This combined usage leverages the advantages of both activation functions,
contributing to improved model stability and generalization performance
[60].

4 EXPERIMENTAL RESULTS

The experiments were conducted on a system with an Intel Core i7-12700H
processor, NVIDIA GeForce RTX 3070 Ti GPU, and 32 GB of RAM.



4.1 Performance Metrics

Three basic regression metrics were used to assess the accuracy of the
model: MAE, MSE, and R2? These metrics are defined by the following
mathematical expressions:

1" . (21

MAE =ﬁi=zl|Yi-Yi )
1N . (22

MSE == 5 (yi-¥)° )

i=1

n O 2 (23

R - Squared = 1 -zir,:l i {') )

Zi=1(yi -Y)?

Where vy; is the true values; Vj is the values predicted by the model; ¥ is the
mean of the true values; and n is the number of samples. These three metrics
provide a holistic analysis to assess not only the level of error but also the
stability and generalizability of the model. The outputs of the model are
calculated and reported separately on both training and test data according
to these metrics.

4.2 Implementation Details

Before training the model, all input features were normalized to the range
[0, 1] using the MinMaxScaler. The normalization parameters were computed
from the training set only and then applied to the test set to prevent data
leakage. Using a random hold-out strategy, the dataset was divided into
training and test subsets with an 80%-20% split. During training, 20% of the
training data was reserved as a validation set to monitor the model’s
generalization performance. This validation split was performed once and
used consistently across all experimental runs to ensure comparability.
Although the dataset was randomly partitioned, the original sample indices
were preserved and used during the evaluation phase. Specifically, the test
samples were reordered according to their original temporal/sample index
when generating SOC estimation curves and related visualizations. This
approach allows for a realistic, time-indexed interpretation of the model
predictions while maintaining the benefits of random data splitting.
Consequently, the results were ensured to be both statistically reliable and
temporally interpretable.

Two basic early stopping strategies were used to reduce the risk of
overfitting during training. With the EarlyStopping method, training was
terminated when no improvement in verification loss was observed for 75
consecutive epochs, and with the ReduceLROnPlateau mechanism, the
learning rate was halved if the verification performance did not improve for
15 epochs. In this way, the model was stopped in case of early saturation, and
more precise optimization was achieved.

For the optimization of the model, the Adam algorithm was preferred, and
MSE was used as the loss function. Although the maximum training time was
set to 2000 epochs, training was usually completed earlier. After the training



was completed, predictions were generated on the test set using the best
weights, and the final performance metrics were calculated based on these
predictions.

It should be noted that the proposed model is designed to produce
deterministic predictions, and explicit uncertainty quantification mechanisms
are not incorporated within the scope of the current implementation. While
the achieved performance metrics indicate high predictive accuracy, they do
not directly provide information about the confidence of individual
predictions. Incorporating uncertainty-aware approaches, such as Monte
Carlo dropout or ensemble-based methods, may further enhance the
reliability of the model, particularly for safety-critical battery management
applications, and is considered as a direction for future work.

4.3 Results

In this section, the performance of the developed hybrid DL architecture on
SoC estimation is systematically evaluated in the light of the contributions of
the different components used in the architecture. The proposed model
captures local spatial features with multi-scale CNN, enhances the learning
capability of deep structures with improved residual blocks, and models time-
series specific sequential dependencies with LSTM layers. In order to analyze
the impact of each of these components on model performance, different
combinations were tried, and each architecture was trained with the same
dataset, the same training/test split, and fixed hyperparameter settings. The
results are summarized in Table 2.

Table 2. Effect of different model components on SoC prediction
performance

Multi scale cn Resiaual bloc LST Performance Metrics
n -k M MAE MSE R?

X 0.289 0.387 0.999
1 0 5

X 0.337 0.529 0.999
7 7 4

X 0.487 0.882 0.998
0 7 9

X X 0.262 0.371 0.999
2 2 6

X X 0.186 0.255 0.999
9 5 7

X X X 0.150 0.203 0.999
7 0 8

Examining Table 2 reveals that the model components produce high
accuracy values when used separately. However, the proposed hybrid
structure that integrates these components significantly improves
performance in all metrics. In the model using only the LSTM layer, for



example, the MAE value is 0.4870, the MSE value is 0.8827, and the R? score
is 0.9989. This indicates that the sequential structure alone cannot provide
sufficient generalization capability. Conversely, in the model where only
convolutional structures were used, specifically the multi-scale CNN module,
error rates decreased (MAE: 0.2891; MSE: 0.3870); however, accuracy
remained limited since temporal dependencies were not explicitly modeled.

The model using a convolutional structure and LSTM together reduced the
MAE to 0.1869 and the MSE to 0.2555, demonstrating the effectiveness of
combining temporal and spatial information. However, the proposed hybrid
architecture with all three components achieved the lowest error values and
the highest R? score (MAE: 0.1507, MSE: 0.2030, R2?: 0.9998). These results
demonstrate that the model achieves a high level of predictive accuracy in
both point estimation and variance-explaining ability.

The R? score of 0.9998 indicates that the model can explain 99.98% of the
variance in state of charge (SoC) and offers high accuracy, low error, and
strong generalization capacity under the evaluated experimental setting.
These results demonstrate the strong potential of the proposed model for
accurately predicting SoC in energy management and battery monitoring
applications.

In addition to the quantitative findings, Figure 5 presents a scatter plot of
the actual and predicted SoC values to visually demonstrate the model's
prediction accuracy. The proximity of the points to the 45-degree reference
line (y = x) in the graph clearly shows the accuracy of the model's predictions.
The 45-degree reference line represents ideal prediction performance. The
majority of the points align extremely close to the reference line, revealing
that the model can make consistent predictions without producing any
systematic bias. Notably, the predictions do not significantly deviate from the
baseline, even at exireme values, demonstrating the model's ability to
perform consistently and generalize to extreme cases. This graphical
validation corroborates the model's consistent performance, consistent with
the high R? score and low error metrics quantified in previous sections.
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Figure 5. Relationship between model-predicted SoC values and actual SoC
values

Additionally, Figure 6 visualizes the distribution of residuals to further
evaluate the model's prediction performance. This graph shows the
differences between the predicted state of charge (SoC) value and the actual
value for each test case on a sequential sample basis. The residuals are
distributed primarily around the zero baseline, suggesting that the model
produces predictions without a clear systematic bias. Additionally, the small
number of outliers ana their irregular distribution suggest that the model
avoids strong overfitting behavior. These findings support the idea that the
model has a stable error distribution across the evaluated test samples.

Residual Distribution

Error (Actual - Predicted)

0 1000 2000 3000 4000
Samples

Figure 6. Sample-based distribution of the model's prediction errors.

To provide a more comprehensive evaluation of model behavior, we present
SOC estimation curves based on the original sample index. Figure 7 shows
the time-indexed state of charge (SOC) estimation results for multiple model



configurations, including the proposed model and baseline architectures. The
curves reflect the order of the actual test samples, allowing for a realistic
interpretation of the model’s ability to track dynamic changes in battery
behavior. Compared to other models, the proposed CNN-Residual-LSTM
model demonstrates closer alignment with the actual SOC values across the
entire sequence.
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Figure 7. Time-indexed SOC estimation comparison of different model
configurations.

To improve interpretability in regions with dense fluctuations, Figure 8
provides a zoomed-in view. In this figure, the ground truth state of charge
(SOC) is highlighted in black, and the proposed model is emphasized in red.
This visualization clearly shows that the proposed model has higher
prediction stability and accuracy, particularly in segments with rapid SOC
changes.
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Figure 8. Zoomed time-indexed SOC estimation comparison for selected
intervals.

Furthermore, the models' prediction performance is analyzed in terms of
absolute error across the time axis. Figure 9 shows the absolute error
comparison of different model configurations over time. The results show that
the proposed model generally produces lower error values than the baseline
configurations, especially in regions with high variability.

Time-Index:d Abeolute Error Comparison of Different Model Configuratians
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Figure 9. Time-indexed absolute error comparison of different model
configurations.

Additionally, Figure 10 provides a logarithmic-scale representation of the
absolute error, allowing for a more detailed analysis across different error
magnitudes. This visualization allows you to examine small and large



deviations simultaneously, providing additional insight into the error
characteristics of the compared models.

original sample Index / Time step

Figure 10. Log-scale absolute error comparison of different model
configurations.

Overall, quantitative metrics and visual analyses consistently demonstrate
that integrating multi-scale convolutional feature extraction, residual
learning, and long short-term memory (LSTM)-based temporal modeling
enhances SoC estimation performance. The results suggest that the proposed
hybrid architecture offers a more robust and precise prediction framework
than the individual coniponent-based configurations examined in this study.

5 DISCUSSION

This study analyzes the performance of the hybrid DL model in comparison
with various traditional ML algorithms. Despite the different model
structures, the comparison process is rigorously structured to ensure a fair
and direct evaluation. In this context, all algorithms were trained and tested
on the same dataset with an 80:20 training-to-testing ratio and a fixed
random state parameter. This avoids random deviations due to data
fragmentation and increases the validity of the comparisons.

In the data preprocessing process, only numeric variables were considered,
and all features were scaled to the range [0, 1] with MinMaxScaler. The
normalization process was performed only on the training data, and the same
transformation parameters were applied to the test data to avoid data
leakage. This approach ensures consistency in comparative analysis between
DL architecture and traditional models. All traditional ML algorithms used in
the comparative analysis were implemented through the scikit-learn library,



and the models were trained with the default parameter values of the
respective classes. All models were evaluated using three main performance
metrics on the test data: MAE, MSE, and R?. The obtained performance
values are presented in Table 3.

Table 3. Comparative performance of traditional methods and the proposed

model
MAE MSE R-
Squared
Traditional | Linear Regression | 4.1831 26.4805 0.9689
ML (LR)
algorithms | AdaBoost (AB) 2.4498 9.2155 0.9892
SVR 1.0606 2.3520 0.9972
GBM 0.4690 0.6953 0.9991
Extra Trees (ET) 0.2610 0.7755 0.9990
Bagging (BG) 0.2476 0.7190 0.9991
Decision Tree (DT) 0.2431 1.0818 0.9987
RF 0.2311 0.0732 0.9992
K-Nearest 0.2222 0.7387 0.9991
Neighbors (KNN) __;_
Deep LSTM 0.4870 0.8827 0.9989
Learning GRU 0.4923 0.8910 0.9989
algorithms 1DCNN 0.4293 0.8067 0.9990
Onerilen Model 0.1507 0.2030 0.9998

As shown in Table 3, the comparative results demonstrate that the proposed
hybrid DL model outperforms alil traditional ML algorithms. In particular, the
low MAE and MSE vaiues indicate that the model's prediction error is quite
low. Regarding MAE, the proposed model produced a better result than its
closest competitor, the RF Regressor, with an error that is about 34% lower
(0.1507 vs. 0.2311). Similarly, the proposed model had about 70% lower
MSE, with a value of 0.2030, compared to RF's value of 0.6732. The R2 score
of 0.9998 is very close to 1, indicating a very high explanatory capability of
the model in capturing the variance of the SoC values. This value exceeds
even the R? score of RF, the most successful traditional method, indicating
the model's high overall learning capacity.

In addition to traditional machine learning (ML) models, the comparative
analysis included deep learning-based baseline architectures, such as long
short-term memory (LSTM), gated recurrent unit (GRU), and one-
dimensional convolutional neural network (1D CNN), to provide a more
comprehensive experimental validation. As shown in Table 3, these models
perform relatively well; however, they remain significantly behind the
proposed hybrid architecture in all evaluation metrics. For example, the
standalone LSTM model yields an MAE of 0.4870 and an MSE of 0.8827,



while the GRU model produces similar results (MAE: 0.4983, MSE: 0.8910).
This indicates that modeling sequences alone is insufficient to capture the
full complexity of SoC dynamics. Similarly, the 1D CNN model, which focuses
on spatial feature extraction, outperforms recurrent models but still falls
short of the proposed architecture (MAE: 0.4293, MSE: 0.8067). These
results clearly show that neither purely temporal nor purely spatial models
can individually achieve optimal performance.

The superior performance of the proposed model is due to its hybrid
architecture, which effectively integrates multi-scale convolutional feature
extraction, residual learning, and temporal sequence modeling. This
combination allows the model to capture short-term fluctuations and long-
term dependencies in battery behavior, significantly improving prediction
accuracy. The consistent improvement observed across all evaluation metrics
confirms that the proposed architecture effectively addresses the limitations
of both traditional ML approaches and standalone deep learning models.
Furthermore, ensemble-based models (RF, BG, GBM, etc.) also remain
inferior to the proposed architecture, indicating that the performance gain is
not solely due to model complexity but rather the eifective integration of
complementary learning mechanisms.

The comparisons show that the proposed model can more successfully learn
non-linear relationships and interactions while reducing the overall error
level. The model demonstrates better overall performance than traditional
methods, especially in complex, multidimensional systems. Additionally, the
balance between error metrics indicates that the model has a robust
structure in terms of general accuracy and generalization capability. Despite
these promising resuits, the reliability of the model must be considered for
safety-critical applications such as battery management systems. The
proposed architecture in the current study produces deterministic point
estimates without explicitly quantifying predictive uncertainty. While the
high accuracy achieved (low MAE and MSE, and high R?) indicates strong
predictive capability, these metrics do not directly provide information about
the confidence or robustness of individual predictions.

Recent studies in battery diagnostics underscore the importance of
uncertainty-aware modeling approaches in enhancing reliability and
facilitating risk-sensitive decision-making. Techniques such as Monte Carlo
dropout, deep ensemble learning, and Bayesian neural networks enable us to
estimate predictive distributions and confidence intervals. These provide
additional insight into how models behave under different operating
conditions. However, the primary objective of this study was to develop a
high-performance hybrid architecture that integrates multiscale
convolutional feature extraction and residual learning to accurately estimate



state of charge (SoC). Therefore, uncertainty quantification was beyond the
scope of this work. Nevertheless, integrating such mechanisms into the
proposed framework is an important direction for future research,
particularly to improve model trustworthiness and enable deployment in real-
time battery management systems.

6 CONCLUSION

In this study, a novel hybrid DL architecture using multi-scale CNNs,
enhanced residual blocks and LSTM units is proposed to predict the SoC
value of battery systems with high accuracy. The proposed model effectively
learns spatial patterns and temporal dependencies in the data and achieves
accurate predictions in the regression task.

This study's primary contribution is the design of a unified hybrid
architecture that integrates multi-scale convolutional feature extraction (with
kernel sizes of 1, 3, and 5), Swish-activated residual learning, and temporal
modeling within a single framework. Unlike conventional CNN-LSTM and
ResNet-LSTM variants, this approach more effectively represents local and
global feature patterns, improving learning capability and stability.
Additionally, controlled ablation analysis and a comnsistent benchmarking
strategy were employed to ensure fair and interpretable evaluation of the
model components.

The experimental results indicate that the proposed model achieves higher
prediction accuracy than traditional ML algorithms (RF, GBM, SVR etc.) and
performs better than simplified versions of the model with reduced
components. The R? score of the model is 0.9998, the MAE value is 0.1507,
and the MSE value is 0.2030, indicating that the prediction performance is
both highly accurate and has strong generalization capacity. Moreover, the
scatter plot and residual distribution analyses visually confirm that the model
offers a balanced and consistent forecasting capability that is free from
systematic errors. In this context, the proposed hybrid architecture provides
accurate predictions and demonstrates stable performance across the
evaluated datasets for real-time SoC prediction and offers the potential as a
viable decision support tool for smart battery management systems.

In addition, from a computational perspective, the proposed architecture is
based on 1D convolutional operations and a relatively simple residual
structure, which may offer advantages in terms of computational efficiency
compared to more complex architectures involving high-dimensional
convolutions or attention-heavy mechanisms. While a detailed quantitative
analysis of computational cost, inference latency, and memory requirements
is beyond the scope of this study, these aspects will be investigated in future
work to further assess the deployment feasibility of the proposed model in
resource-constrained battery management system environments.

Despite these strong results, it is important to note that the proposed model
makes deterministic predictions and does not quantify predictive uncertainty.
While the performance metrics achieved indicate high accuracy, they do not



directly reflect the confidence level associated with individual predictions.
Given the safety-critical nature of battery management systems,
incorporating uncertainty-aware modeling approaches would enhance the
reliability and practical applicability of the proposed framework.

Future studies will focus on adapting the model to online learning
mechanisms, integrating it with hardware-level battery monitoring units, and
incorporating uncertainty quantification techniques, such as dropout-based
inference and ensemble learning, to enable confidence-aware and risk-
sensitive decision-making. Additionally, testing the model under various
degradation scenarios and real-world operating conditions will improve its
robustness and readiness for deployment.
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