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ABSTRACT: Accurate capacity and State of Charge (SOC) estimation are crucial for ensuring the safety and longevity
of lithium-ion batteries in electric vehicles. This study examines ten machine learning architectures, Including Deep
Belief Network (DBN), Bidirectional Recurrent Neural Network (BiDirRNN), Gated Recurrent Unit (GRU), and
others using the NASA B0005 dataset of 591,458 instances. Results indicate that DBN excels in capacity estimation,
achieving orders-of-magnitude lower error values and explaining over 99.97% of the predicted variable’s variance.
When computational efficiency is paramount, the Deep Neural Network (DNN) offers a strong alternative, delivering
near-competitive accuracy with significantly reduced prediction times. The GRU achieves the best overall performance
for SOC estimation, attaining an R2 of 0.9999, while the BiDirRNN provides a marginally lower error at a slightly
higher computational speed. In contrast, Convolutional Neural Networks (CNN) and Radial Basis Function Networks
(RBFN) exhibit relatively high error rates, making them less viable for real-world battery management. Analyses of
error distributions reveal that the top-performing models cluster most predictions within tight bounds, limiting the
risk of overcharging or deep discharging. These findings highlight the trade-off between accuracy and computational
overhead, offering valuable guidance for battery management system (BMS) designers seeking optimal performance
under constrained resources. Future work may further explore advanced data augmentation and domain adaptation
techniques to enhance these models’ robustness in diverse operating conditions.
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1 Introduction
Lithium-ion batteries (LiB) are the most widely used energy storage technology for electric vehicles (EV)

due to their relatively high energy density and extended lifespan. As the global adoption of electric vehicles
(EVs) accelerates, Automakers are rapidly transitioning to battery electric vehicles (BEVs) to meet rising
consumer demand and regulatory requirements, with BEV sales reaching approximately 14 million units
(18% of total automobile sales) in 2023 and projected to increase to 17 million units, potentially surpassing
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20% of the market in 2024 [1]. Within an electrical system, the batteries are managed by a battery management
system (BMS) to optimise the system’s performance. Accurate estimation of unmeasurable battery states,
such as State of Health (SOH), State of Charge (SOC), and remaining capacity is critical for ensuring the
battery operates safely and efficiently. LiB research has garnered substantial attention, particularly in the EV
domain, due to its use in high-power applications. The global transition to EVs is primarily driven by the
imperative to reduce greenhouse gas emissions [2]. Consequently, monitoring and diagnosing battery states
are vital for real-time controller design, thermal analysis, fault diagnosis, and BMS development in EVs. Key
internal states, including SOC and SOH, directly impact battery lifespan and drivability [3].

The European market is witnessing a surge in EV deployment [3]. However, challenges persist in
the second-hand EV market, particularly regarding accurate estimations of SoC and SoH. An inaccurate
SOC compromises the prediction of SOH and other essential attributes needed to assess battery condition,
ultimately affecting EV performance [4]. Such inaccuracies undermine consumer confidence and pose
long-term risks to EV market growth [3]. Continually manufacturing new EVs without addressing these
uncertainties in the second-hand market could exacerbate environmental harm. Accurate SOC estimation is,
therefore, a pivotal requirement for maintaining vehicle safety and optimising battery lifespan [5]. Although
numerous studies have applied machine learning approaches to SOC estimation, many remain confined to
controlled environments or highly simulated laboratory datasets [6]. In contrast, our work underscores the
importance of real-world driving conditions, including inconsistent temperatures, various environmental
factors, and frequent charging-discharging cycles, which introduce significant complexities often overlooked
in prior research.

Accurately estimating the SOC of EV batteries is particularly critical for robust battery management
systems under variable, real-world conditions. The complexity of SOC estimation arises from the battery’s
electrochemical reactions and the many external factors influencing battery health. Traditional methods like
equivalent circuits or other electrical models have limitations when aging factors lead to complex parameter
identification challenges [7]. Fig. 1 highlights the structure of an EV BMS, emphasising its core function in
ensuring both vehicle performance and safety. Central to this system is the EV battery pack, whose voltage,
current, and Temperature are continuously monitored by a suite of sensors to guard against overcharging,
deep discharging, or excessive heat.

Figure 1: Battery management system overview
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The state estimator plays a role in the BMS by processing raw sensor data to generate important
attributes. SOC provides essential real-time information on the remaining energy in the battery, while SOH
offers insight into the battery’s long-term health and durability. Dynamic SOC estimates inform drivers and
vehicle control units about the available driving range, enabling the master controller to optimise battery
usage for safety and efficiency. The thermal management system integrates sensor feedback to regulate battery
temperature using cooling or heating mechanisms. At the same time, the charger/discharge unit manages
the energy flow to prevent damaging overcharge or over-discharge events. The present study investigates the
effectiveness of various machine learning models, focusing on two primary tasks: capacity estimation and
SOC estimation in LiBs. It begins by reviewing the existing literature on SOC and SOH estimation methods’
ranging from look-up tables and Kalman filters to observer-based and data-driven techniques. An in-depth
account of the dataset and data analysis details how raw data was cleaned and prepared for machine learning.
Afterwards, customised normalisation strategies are introduced, and the rationale behind model-specific
adjustments are explained.

A diverse set of ten architectures are explored, including Deep Learning Neural Networks (DNNs),
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), Bidirectional Recurrent Neural Networks (BiDirRNN), Bidirectional
LSTM (BiDirLSTM), Bidirectional GRU (BiDirGRU), Deep Belief Networks (DBNs), and Radial Basis
Function Networks (RBFNs). Each model is examined to highlight respective advantages and drawbacks in
the context of battery data. Following the implementation details, an extensive comparative analysis of each
model’s accuracy and computational efficiency performance is presented. Subsequent discussion addresses
the implications for battery state estimation, emphasising real-time feasibility in EV BMS applications.
Finally, the findings are synthesised to offer insights on integrating these machine learning models into
practical battery management systems, thus contributing to the next generation of EV technologies. The
discussion addresses the critical gap between academic research in controlled settings and the rapidly
evolving requirements of real-world EV deployments.

This paper explores the performance of different machine learning models in terms of capacity and SOC
estimation. First, we cover the existing SOC and SOH estimation literature, including look-up tables, Kalman
filters, Particle filters, and observer-based and data-driven methods. Next, the dataset and data analysis will
include an overview of the data, insights gained from the data exploration, and any steps to prepare the
data for use÷ in the chosen machine learning models. This paper meticulously describes methods, starting
with data preparation and cleansing. We explain the customised normalisation techniques for each model
and clarify why specific adjustments were made. We then delve into an exploration of ten different models:
DNNs en-compass various architectures, including Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks, Gated Recur-rent Unit (GRU)
networks, Bidirectional Recurrent Neural Networks (BiDirRNNs), Bidirectional Long Short-Term Memory
(BiDirLSTMs), Bidirectional Gated Recurrent Unit (BiDirGRUs), Deep Belief Networks (DBNs), and Radial
Basis Function Networks (RBFNs). We provide an overview of how each model works and its advantages
anddisadvantagess compared to other models. Next, we discuss the implementation phase of these models.
We Highlight the crucial parameter selection process to optimise their performance. Moving on from there,
we present the results from testing that demonstrate performance metrics and computational efficiency for
both capacity and SOC estimation. The discussion extends to interpreting these results, providing insights
into the effectiveness and efficiency of these models when estimating battery state. The comparative analysis
is used to draw conclusions, which are then synthesised in a publication. The goal is to provide knowledge
to the field.
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2 Literature Review
Battery states such as State of Charge (SOC) and State of Health (SOH) cannot be directly measured

by the Battery Management System (BMS). Current SOC estimation methods can be broadly classified into
[six] categories: 1) Look-Up Tables (LUT), 2) Impedance-based approaches, 3) Ampere-Hour Integral (AHI),
4) Filter-based methods, 5) Observer-based methods, and 6) Data-driven approaches. LUT utilises the
relationship between the battery’s SOC and open-circuit voltage (OCV) [7]. A look-up table is constructed,
correlating the OCV to the SOC and allowing SOC deduction from OCV measurement [8]. This relationship
for lithium-ion polymer batteries (LiPB) has OCV rising with SOC, allowing for measured OCV to
determine SOC [9]. This method can also be used to calibrate errors in SOC estimation. However, accurate
measurement of OCV requires load shedding, making this method unsuitable for online SOC estimation,
like during EV operation. Therefore, this method is typically reserved for laboratory bench-top tests [10].
The Ampere Hour Integral (AHI) method is more straightforward than the previous options and involves
calculating SOC by current integration [11], though it does have its issues. Error is cumulative due to the open-
loop calculation, and aging and Temperature can cause differences in rated capacity and coulomb efficiency,
decreasing accuracy [12]. Observer-based methods (SMOs), introduced by Luenberger in 1971, estimate
state variables for control systems [13]. Advances include research in adaptive Luenberger observer [14],
Lyapunov-based observer [15].

Several filter-based methods estimate SOC, falling into two main categories: Gaussian process-based
filters and probability-based filter approaches. Gaussian process-based filters are based on the Kalman filter.
The Kalman filter operates in a cyclical two-step process. First, it forecasts the state and output of the system;
second, it revises the system state based on discrepancies in the output [16]. In a method for estimating the
SOC of LIBs using a Linear Kalman filter (LKF), the OCV function is linearized in segments, making it
more suitable for SOC estimation [17,18]. The Extended Kalman filter (EKF) linearises nonlinear systems,
making it suboptimal for SOC estimation [19]. It expands the OCV function by applying partial derivatives
by the linearisation principle of nonlinear functions. Improved methods have been developed, such as
Bizeray’s thermal-electrochemical battery model and reduced Order Model with an Extended Kalman filter,
whose parameters are temperature-compensated, and EKF estimates SOC [20,21]. In the Adaptive Extended
Kalman Filter (AEKF), the covariance of process and observation noise is adaptive, enabling this method
to prevent divergence or bias in the algorithm [22]. Xing et al. built an OCV estimation using AEKF,
with SOC determined by an OCV-SOC LUT [23]. Xiong et al. later examined SOC-chemical composition
relationships, achieving SOC estimation within 3% error using AEKF within a multi-parameter closed-loop
feedback system, even with battery aging issues [24]. A study in 2013 proposed an electrochemical model-
based SOC estimation method using an adaptive square root sigma point Kalman filter (ASRSPKF) [25],
and a recent study achieved a 30% accuracy increase and an 88% reduction in convergence time compared
to AEKF [26]. Additionally, advanced Kalman filter variants such as the Adaptive Unscented Kalman Filter
(AUKF), Central Difference Kalman Filter (CDKF), and Cubature Kalman Filter (CKF) have been developed,
with AUKF demonstrating a minimal 0.028% absolute average error [27,28], CDKF achieving SOC errors
below 2% [29], and CKF outperforming EKF in accuracy but being 8.8 times slower [30].

More recent research emphasises applying a data-driven approach, machine learning (ML) and deep
learning (DL) to handle the nonlinearities and aging, State of Health (SoH) effects present in lithium-ion
batteries [31,32]. As this study employs a data-driven methodology, further insights into these approaches
will be provided. In recent advancements, Two notable studies have explored how DNNs can be applied to
estimate SOC in lithium-ion batteries for EVs. A recent study introduced a DNN architecture employing
dense and concatenate layers with ReLU and linear activation functions. This model was trained on
datasets from LG 18650HG2 and Panasonic NCR18650PF batteries across various temperatures (−20○C to
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25○C), achieving mean absolute errors between 0.36% and 2.53% [33]. The integration of explainable AI
techniques further enhanced transparency in SOC estimation. Similarly, another study developed a SOC
estimation model for lithium-ion batteries using an improved DNN tailored for EV applications. The DNN
demonstrates suitability for real-time SOC estimation, balancing computational efficiency with prediction
accuracy [34]. In line with these advancements, a study on SOC estimation for EV batteries leveraged a
DNN model to achieve high accuracy across diverse driving cycles and temperature ranges, reporting a mean
absolute error below 5% [35]. A study proposed a hybrid model integrates a multi-layer DNN trained using
the Mountain Gazelle Optimizer (MGO), a nature-inspired metaheuristic algorithm. The DNN processes
inputs, such as voltage, current, and temperature to predict SOC. The MGO enhances the training process
by optimizing the DNN’s weights and biases, leading to improved estimation accuracy [36]. Convolutional
Neural Networks (CNNs) and hybrid CNNs have shown excellent performance in capturing complex,
nonlinear relationships inherent in battery data, leading to more accurate and reliable estimations [37].
For instance, CNNs model was developed to estimate the SOH and capacity from constant current charge
and discharge data, achieving high accuracy in predictions [38,39]. A study proposed combining a CNN-
Long Short-Term Memory (LSTM) network to infer battery SOC using measurable data such as current,
voltage, and temperature. The CNN component extracts spatial features, while the LSTM captures temporal
dependencies, enhancing the model’s predictive capabilities [40]. Chen et al. introduced a CNN-based SOC
estimation model incorporating a self-attention mechanism. This approach enables the model to focus on
critical features within the input data, improving estimation accuracy [41].

Recurrent Neural Networks (RNNs) are designed to process sequential data by maintaining a hid-
den state, enabling them to model temporal dependencies effectively [42,43]. In SOC estimation, a
study comprehensively analysed RNN architectures, including Vanilla RNN, Long Short-Term Memory
(LSTM), and Gated Recurrent Unit (GRU). The findings highlighted GRU’s ability to balance estimation
accuracy and computational efficiency, making it suitable for real-time applications under varying bat-
tery aging and measurement uncertainties [44]. Further supporting this, a temperature-dependent SOC
estimation study compared MNN, LSTM, and GRU models, with GRU achieving the highest accuracy
(MAE 2.15%), highlighting its robustness across varying thermal conditions for EV applications [45]. A
further developed study introduced a hybrid model combining Convolutional Neural Networks (CNN)
with GRU-based RNNs was introduced to enhance SOC estimation further. The CNN component captured
spatial features, while the GRU modelled temporal dependencies in charge-discharge cycles. This integrated
approach outperformed traditional RNNs, demonstrating higher accuracy and robustness across diverse
operating conditions [46]. Another study introduces a novel framework that combines deep learning
techniques with conventional diagnostic methods to assess the state of health (SOH) of series-connected
lithium-ion batteries. By integrating CNNs for feature extraction and RNNs for temporal sequence mod-
elling, the framework effectively captures complex patterns in battery behaviour. Implementing this method
demonstrates significant improvements in monitoring and managing battery systems, contributing to the
advancement of battery management technologies [47].

Bidirectional Recurrent Neural Networks (BiDirRNNs) consist of two RNN layers: one processes the
input sequence from start to end (forward direction), and the other processes it from end to start (backward
direction) [48]. Building upon these approaches, recent research has proposed hybrid deep learning models
to enhance SOC estimation accuracy further. One such study introduced a hybrid deep learning model
combining CNNs and Bidirectional Long Short-Term Memory (BiLSTM) networks. This model leverages
CNNs to capture spatial features and Bi-LSTM networks to capture temporal dependencies in battery data,
improving SOC estimation performance [49]. Another study proposed A parallel hybrid model combining
a Vision Transformer (ViT) with a Gated Recurrent Unit (GRU) network to estimate the State of Health
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(SOH) of lithium-ion batteries. The ViT component extracts features from battery data, while the GRU
addresses positional encoding limitations, enabling comprehensive capture of information relevant to battery
SOH [50]. Nazim proposed a parallel hybrid approach using RNN-CNN for battery SOC estimation,
accounting for various temperatures, discharging cycles, and noisy conditions [51]. Several studies have
utilised the NASA B0005 dataset to develop deep learning models for lithium-ion battery state estimation;
Shin developed a deep learning approach for SOH estimation, employing RNN, LSTM, and Gated Recurrent
Unit (GRU) models [52]. Furthermore, Tian developed a hybrid model that integrates CNN, BiLSTM, and an
Attention Mechanism (AM) to predict the State of Health (SOH) of lithium-ion batteries. Trained and tested
on NASA’s B0005 dataset, the model outperformed single models, achieving root mean square errors (RMSE)
of SOH predictions below 0.01. These results highlight the model’s high accuracy in SOH estimation [53].

3 Methodology

3.1 Dataset Overview
The dataset employed in this study for evaluating deep learning models, NASA cycle dataset B0005,

originates from the NASA Prognostics Center of Excellence. It contains nine features and 591,458 instances,
as outlined in Table 1. The dataset is an open-source and publicly available resource that comprises charging,
discharging, and electrochemical impedance spectroscopy (EIS) profiles gathered until the battery voltage
drops to a 2.7 V threshold. SOC Cycles were continued until the battery met end-of-life (EOL) criteria,
defined as a capacity fade of 30% from 2 Ah to 1.4 Ah. An initial data integrity check revealed two notable
issues. First, the ambient temperature feature contained missing values, leading to its exclusion. Second, two
cycles exhibited zero capacity readings, which were replaced using a maximum-value imputation approach
to maintain continuity in capacity measurements.

Table 1: Key parameters on battery dataset B0005

Variable name Variable description Variable type
Cycle Top-level structure array encompassing charge,

discharge, and impedance operations
Discrete

Ambient
temperature

Ambient temperature (degree Celsius) Unknown (all values are 24)

Datetime Date and time of the cycle’s start, formatted as a
MATLAB data vector

Continuous

Voltage measured TerminalVoltagee of the battery (in Volts) Continuous
Current measured Output current of the battery (in Amps) Continuous

Temperature
measured

Temperature of the battery (in degrees Celsius) Continuous

Current Current measured at the charger (in Amps) Continuous
Voltage Voltagee measured at the charger (in Volts) Continuous
Time Time vector for the cycle (in seconds),

representing the duration of the cycle
Continuous

Capacity Battery capacity (in Ampere-hours) for discharge
down to 2.7 V

Continuous

SOC Self-created variable using a defined formula Continuous
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The initial analysis involved checking null values using the pd.DataFrame.info () function and assessing
unique values, yielding the following results. “Ambient temperature” was excluded, and capacity analysis
revealed two cycles with zero capacity values. The remaining cycles were filled with their respective values
using the max value function. From Fig. 2, box plots and frequency histograms show that capacity exhibits
a relatively normal distribution. In contrast, the measured voltage exhibited a significant outlier, likely due
to measurement error or specification deviation, and was subsequently removed. Following outlier removal,
capacity values were normalized, and voltage readings slightly dropped below the 2.7-volt threshold, aligning
with the expected lower bound defined by the cell specifications. This normalization ensured data consistency
and improved the reliability of subsequent analyses.

Figure 2: Normalised capacity distribution after outlier removal, showing a slight drop in voltage below the 2.7-volt
threshold

Fig. 3 emphasises the impact of Temperature on battery efficiency, indicating that deviations from
optimal Temperature ranges significantly reduce cycle times. These findings underscore the importance
of rigorous data preprocessing, including outlier management and appropriate feature selection, to ensure
robust model training and evaluation. As illustrated in Fig. 4a, the distribution of data points across battery
cycles reveals a pronounced imbalance where early cycles are underrepresented. In contrast, later cycles
exhibit a denser and more consistent spread. Such an uneven distribution may introduce bias during model
training and must be addressed through appropriate preprocessing techniques. In the correlation matrix
shown in Fig. 4b, a near-perfect negative correlation between cycle and capacity is evident, reflecting the
natural decline in battery capacity over repeated use. Additionally, measured voltage and current display a
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strong positive correlation, indicating their intrinsic relationship in battery operation. In contrast, capacity
weakly correlates with other variables, suggesting that cycle count is the dominant factor influencing capacity
degradation. The capacity trajectory across cycles, depicted in Fig. 4c, reinforces this observation by showing
a steady decline with minor fluctuations that could stem from operational variations or measurement noise.
These insights underscore the critical role of cycle count in battery performance analysis and highlight the
importance of managing data imbalance to ensure robust and accurate modeling.

Figure 3: Impact of temperature on battery efficiency, demonstrating a clear correlation between deviations from the
optimal temperature range and reduced cycle times

Figure 4: (a) Binned count of variables showing imbalanced data distribution across cycles, with early cycles having
fewer points. (b) Correlation heatmap showing a perfect negative correlation between cycle and capacity, with strong
correlations between voltage and current and weak correlations elsewhere. (c) Capacity decline over cycles, confirming
the expected negative correlation with cycle count
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3.2 Proposed Methodology
The proposed approach conducts a detailed comparative analysis of ten deep-learning models to

estimate battery capacity and SOC using the NASA B0005 dataset. Fig. 5 presents an overview of the research
methodology, beginning with data cleaning and normalisation procedures tailored to each model. These
steps involve detecting and handling outliers, addressing data imbalances, and applying appropriate scaling
techniques to ensure model stability. Subsequently, multiple deep learning architectures are investigated,
encompassing Deep Learning Neural Networks (DNNs), Convolutional Neural Networks (CNNs), Recur-
rent Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks, Gated Recurrent Unit (GRU)
networks, and additional variants. Each architecture is configured and trained to evaluate performance in
capacity and SOC estimation tasks, emphasising key performance indicators, such as accuracy, root mean
squared error (RMSE), mean absolute error (MAE), and computational efficiency. After model training
and validation, comparative analyses are performed to identify strengths and limitations under a unified
evaluation framework. Results guide the assessment of model suitability for real-time EV battery man-
agement system (BMS) applications, considering hardware resource constraints and operational demands.
This methodology reinforces how tailored data preprocessing, careful model selection and rigorous eval-
uation can yield actionable insights into the practical deployment of machine learning in modern battery
management systems.

Figure 5: Flow chart of the research methodology

3.2.1 Data Preprocess
The NASA B0005 dataset was chosen for this project because it is a commonly used reference in SOC

estimation research. Additional investigation was conducted to refine model performance and facilitate a
deeper dataset understanding. In machine learning, data preprocessing encompasses cleaning, transforming,
and organising raw data to optimise model training. This work’s preprocessing steps included handling
missing values, data cleaning, and normalisation. Initially, the B0005 dataset was converted and organised
using a Python script, initially in the form of “.mat” Matlab files. The process involved loading the file with
the SciPy library’s loadmat() function, extracting and structuring data with predetermined titles, and
converting the result into a Pandas DataFrame. After loading the data into each Python notebook, a brief
analysis was conducted, as detailed in Section 3.1. A single ambient temperature variable and the DateTime
variable were removed to enhance computational efficiency. Missing capacity values were addressed by
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discarding the corresponding battery cycles due to the dataset’s sufficiently large size, ensuring minimal
impact on overall representation. An extreme outlier exceeding 8 volts was also identified and removed, as
it deviated significantly from acceptable operating ranges.

3.2.2 Normalization, Dataset Splitting, and Model Adjustments
Normalisation was applied individually to each model, consistently derived from the training dataset.

The normalisation technique choice was guided by experimental testing and supporting literature. Table 2
outlines the specific normalisation methods adopted for each model. The dataset was split 80:20 for training
and testing, and the training portion was further subdivided during model fitting. A constant random
seed (0) was applied to maintain consistent splitting and reproducibility across all models. Specific models
required reshaping of the input tensors to meet architecture-specific requirements, ensuring appropriate
dimensionality for sequential or convolutional layers. Model parameters were fine-tuned through iterative
experimentation and referencing established implementations in similar contexts. The final configuration
of model hyperparameters is presented in the results section of this paper, offering clarity on each model’s
optimal setting for the given dataset. Additional steps were undertaken to enhance model robustness, address
potential data imbalance, and ensure comprehensive preprocessing. For instance, random oversampling
techniques (e.g., SMOTE) were explored to mitigate the underrepresentation of specific cycles. Noise
injection was also considered to simulate sensor inaccuracies and broaden the training distribution.

Table 2: Normalization techniques

Normalization technique Model list
Keras normalization layer DNN, RBFN

Min-Max scaler RNN, LSTM, GRU, BiDirRNN, BiDirLSTM, BiDirGRU
(Data-Mean)/(Standard Deviation) DBN

3.3 Proposed Models
Deep learning approaches have demonstrated substantial promise in capturing complex patterns and

nonlinear relationships in lithium-ion battery datasets. The ten models selected for this study, including
DNN, CNN, RNN, LSTM, GRU, BiDirRNN, BiDirLSTM, BiDirGRU, DBN, and RBFN, collectively rep-
resent a spectrum of architectures capable of handling time-series or quasi-stationary data. Models such
as RNN, LSTM, GRU, and their bidirectional variants are particularly suited for sequential patterns in
charge/discharge profiles. Feed-forward networks like DNN can effectively estimate capacity in a single-step
regression framework. CNN is included for its localised feature extraction capabilities, while DBN and RBFN
offer alternative learning paradigms that may generalise differently compared to standard deep architectures.
The objective is to evaluate each architecture’s suitability for battery applications with varying computational
demands, data structures, and accuracy requirements.

Table 3 summarises key parameters for each model. All models are examined in single rather than
hybrid configurations, which means no additional physical or ensemble models have been combined. While
hybrid approaches merging physical battery models with machine learning—may enhance interpretability,
the primary aim is to compare pure deep learning architectures under uniform conditions. Input data
for capacity estimation are treated as quasi-stationary features over each cycle, leveraging aggregated
statistics (e.g., voltage, current, temperature) at discrete time intervals. By contrast, SOC estimation employs
sequential inputs, enabling RNN-based models to leverage time dependencies across multiple samples. This
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distinction is central to the neural network selection and input reshaping processes, where models like LSTM,
GRU, and BiDir variants excel in capturing hidden temporal relationships. In contrast, DNN and DBN rely
on static snapshots of features or manually engineered vectors. Table 3 summarises key parameters for each
model; All models are implemented in Python using TensorFlow or PyTorch (depending on best practices
for each architecture). Hyperparameters such as learning rate, batch size, and number of hidden units were
tuned through grid search and reference to related literature on battery state estimation. Early stopping and
dropout layers were employed to mitigate overfitting, especially in deeper models like BiDirGRU and DBN.

Table 3: Model configurations and hyperparameter settings

Model Learning
rate

Batch size Hidden Units/Layers Regularization Optimizer

DNN 1e-3 32 3 Hidden Layers (64–128–64) Dropout (0.2) Adam
CNN 1e-3 16 2 Conv Layers (Kernel = 3) L2 (1e-4) Adam
RNN 1e-3 32 2 Layers × 64 Units Dropout (0.2) RMSProp
LSTM 1e-3 32 2 Layers × 64 Units Dropout (0.3) Adam
GRU 1e-3 32 2 Layers × 64 Units Dropout (0.3) Adam

BiDirRNN 1e-3 32 2 Layers × 64 Units × 2 directions Dropout (0.2) Adam
BiDirLSTM 1e-3 32 2 Layers × 64 Units × 2 directions Dropout (0.3) Adam
BiDirGRU 1e-3 32 2 Layers × 64 Units × 2 directions Dropout (0.3) Adam

DBN 1e-3 32 3 Hidden Layers (64–64–32) – SGD
RBFN 1e-3 64 Radial Basis Func. Layer – Adam

4 Results

4.1 Evaluation Metric
To further analyse how well the model performs in predicting the 3765 data points, we take into account

four critical metrics: Mean Squared Error (MSE) (Eq. (1)), Root Mean Squared Error (RMSE) (Eq. (2)), Mean
Absolute Error (MAE) (Eq. (3)), and the R2 Score (Eq. (4)). These metrics are key for evaluating predictive
accuracy. A model is generally considered more accurate when the Coefficient of Determination (R2)
approaches 1, minimising both Mean Absolute Error, Mean Squared Error, and Root Mean Squared Error.
These metrics provide valuable insights into the precision and reliability of predictive models, facilitating a
comprehensive assessment. Tables 4 and 5 present the final experiment results for capacity estimation and
SOC estimation.

MSE = 1
n

n
∑
i=1
(yi − ŷi)2 (1)

RMSE =
�
��� 1

n

n
∑
i=1
(yi − ŷi)2 (2)

MAE = 1
n

n
∑
i=1
∣yi − ŷi ∣ (3)

R2 = 1 − ∑
n
i=1(yi − ŷi)2

∑n
i=1(yi − ȳ)2 (4)
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Table 4: Capacity estimation results

Model MSE RMSE MAE R2 score
DNN 1.39e-4 1.18e-2 6.83e-3 0.9953
DBN 8.19e-6 2.86e-3 1.41e-3 0.9997
CNN 4.49e-1 6.70e-1 4.56e-1 0.5507
RNN 1.59e-4 1.26e-2 9.51e-3 0.9946
LSTM 1.98e-4 1.41e-2 9.75e-3 0.9933
GRU 1.90e-4 1.38e-2 9.28e-3 0.9936

BiDirRNN 1.35e-4 1.16e-2 7.76e-3 0.9954
BiDirLSTM 1.80e-4 1.34e-2 9.64e-3 0.9939
BiDirGRU 1.89e-4 1.37e-2 1.02e-2 0.9936

RBFN 2.55e-4 1.60e-2 1.06e-2 0.9914

Table 5: SOC estimation results

Model MSE RMSE MAE R2 score
DNN 5.83e-7 7.64e-4 7.13e-4 0.9999
DBN 1.32e-7 3.64e-4 2.52e-4 0.9999
CNN 9.93e-1 9.97e-1 6.76e-1 −2e-6
RNN 1.52e-7 3.89e-4 3.05e-4 0.9999
LSTM 1.09e-7 3.30e-4 2.88e-4 0.9999
GRU 2.82e-8 1.68e-4 1.21e-4 0.9999

BiDirRNN 3.31e-8 1.82e-4 1.26e-4 0.9999
BiDirLSTM 1.72e-7 4.15e-4 3.95e-4 0.9999
BiDirGRU 5.74e-8 2.39e-4 1.71e-4 0.9999

RBFN 1.75e-2 1.32e-1 9.21e-2 −1.55e-3

4.2 Analysis of Models Performance
4.2.1 Capacity Estimation

The deep belief network (DBN) performs highest From Table 4, achieving orders-of-magnitude lower
error values than the other models. It also attains the best R2 score, explaining over 99.97% of the predicted
variable’s variance. The second-best performer is the Bidirectional Recurrent Neural Network (BiDirRNN),
followed closely by the Deep Neural Network (DNN). Although BiDirRNN achieves superior MSE, RMSE,
and R2, the DNN yields a marginally better MAE, indicating that all results are relatively similar. The standard
RNN ranks third, with average error values approximately 16% higher than BiDirRNN.Long Short-Term
Memory (LSTM), Gated Recurrent Unit (GRU), Bidirectional LSTM (BiDirLSTM), and Bidirectional GRU
(BiDirGRU) all perform comparably, differing by 9.5%, 4.9%, 9.5%, and 0.06% in MSE, RMSE, MAE, and
R2 scores, respectively, as shown in Table 4. The Radial Basis Function Network (RBFN) shows the second-
lowest performance, lagging by 34.74%, 16.14%, 9.03%, and 0.22% in MSE, RMSE, MAE, and R2, respectively,
compared to the group above. Finally, the Convolutional Neural Network (CNN) produces the highest errors
among all models, with MAE values exceeding those of DBN by more than 300 times.

In examining the three top-performing models, DBN, BiDirRNN, and BiDirGRU, A tight clustering of
errors around zero is evident. DBN exhibits over 90% of residuals within the range of−0.02 to+0.02 (Fig. 6a),
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reflecting minimal bias and an unimodal distribution centred near zero, with only a few outliers extending
to approximately −0.05 and +0.04. BiDirRNN similarly concentrates around 85%–90% of errors in the
−0.025 to+0.025 interval (Fig. 6b), indicating strong consistency, though a small fraction of points appears at
extremes of roughly−0.06 and+0.05. Meanwhile, BiDirGRU aligns closely with DBN in maintaining around
90% of predictions within −0.02 and +0.02 (Fig. 6c), highlighting a low overall deviation and a pronounced
peak near zero; the few tails extending toward −0.08 and +0.06 suggest rare instances of more substantial
misestimation. Accurate capacity estimation is pivotal for electric battery systems’ operational efficiency and
long-term viability. Several significant benefits emerge when capacity errors remain within a narrow margin,
as demonstrated by DBN, BiDirRNN, and BiDirGRU. First, precise knowledge of remaining capacity reduces
the likelihood of overcharging or deep discharging, accelerating battery degradation and diminishing overall
lifespan. Second, improved capacity prediction fidelity directly translates into more reliable range estimates,
enhancing driver confidence and reducing “range anxiety.” This level of accuracy is especially beneficial in
real-world driving conditions, where fluctuating load demands and environmental variations can complicate
conventional estimation techniques.

Figure 6: SOC prediction error distributions for top-performing models, (a) GRU with the narrowest spread of
residuals; (b) BiDirRNN exhibiting minimal bias and slightly more outliers; (c) BiDirGRU demonstrating a similarly
sharp peak around zero and a low overall deviation

4.2.2 SOC Estimation
SOC estimation is generally more consistent than capacity estimation, except for CNN and RBFN. As

shown in Table 5, the highest-performing model is the Gated Recurrent Unit (GRU), followed closely by
BiDirRNN, both attaining R2 scores of 0.999998, though GRU performed slightly higher in all error tests.
BiDirGRU followed as the third highest performing model, achieving the third best of all metrics, just ahead
of LSTM, which had the fourth best except for MAE, with an MAE 14.29% higher than DBN. DBN was
the next most performant model, achieving an MSE 28.85% lower than RNN, the next highest performing
model. RNN had an 11.6% superior MSE than BiDirLSTM, with DNN following and achieving an MSE 70.5%
higher than BiDirLSTM, though this model still performs reasonably with an MSE of 5.83E-07 and an R2

score of 0.999967. This performance dips significantly with the final two models, RBFN followed by CNN,
whose results would be unusable in real applications, with R2 scores of less than 0.01 for both.

RBFN and CNN show a notable performance drop, with R2 values below 0.01, making these architec-
tures unsuitable for real-world SOC applications. Each distribution exhibits a peak around zero, indicating
minimal bias and a tight clustering of errors in the −0.001 to +0.001 interval, with only a tiny fraction
of outliers extending beyond these bounds. GRU (Fig. 7a) demonstrates the narrowest spread, confirming
its status as the top performer in all error metrics. BiDirRNN (Fig. 7b) shows a similarly low deviation,
albeit with slightly more outliers, aligning with its second-best ranking. BiDirGRU (Fig. 7c) follows closely,
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maintaining around 90% of predictions near zero and displaying an unimodal, sharply peaked distribution.
These results underscore the robustness and accuracy of the three leading models in SOC estimation, with
error ranges sufficiently confined to enhance reliability in real-world battery management applications. The
narrow error ranges observed in GRU, BiDirRNN, and BiDirGRU help mitigate these risks by ensuring
more precise SOC tracking, resulting in safer and more efficient operations. Enhanced reliability directly
translates to extended battery lifespans, reduced maintenance costs, and higher consumer confidence in
electric vehicle technology.

Figure 7: Capacity estimation error histograms for top-performing models (a) DBN error distribution with over 90%
of residuals within −0.02 to +0.02; (b) BiDirRNN histogram showing 85%–90% clustering around −0.025 to +0.025;
(c) BiDirGRU exhibiting similar distribution to DBN, with approximately 90% of errors in the −0.02 to +0.02 range

4.3 Computational Efficiency
The Fig. 8a and b displays the estimation times of different models for capacity and SOC, respectively.

Firstly, it presents the total time required to generate 3765 predictions, illustrated with a blue line. Secondly,
it highlights the step time, which is the duration needed to predict a single value, depicted in orange.

4.3.1 Analysis of Efficiency Results
It is worth noting that the order of each model’s relative computational efficiency varies in both

situations. For example, while BiDirGRU is faster than BiDirLSTM in capacity estimation, it achieves the
same computational efficiency in SOC estimation. Despite this inconsistency, the quickest model in both
SOC and capacity estimation is the DNN, which is tied with RBFN in capacity estimation. There is also
a consistent loss of efficiency in bidirectional models compared to their standard counterparts, though
the difference is more minor in BiDirRNN than in the other two. The DBN also fails to double the DNN
prediction time in either test, even with double its depth.



Comput Mater Contin. 2025;83(3) 4809

Figure 8: (a) Capacity estimation times, (b) SOC estimation times

4.3.2 Efficiency Trade-Offs
DBN remains the most effective model for capacity estimation, offering a significant advantage in

accuracy despite ranking fourth in computational efficiency. If computational speed is paramount, DNN is
an acceptable choice, delivering respectable accuracy with a 44.4% reduction in prediction times. In SOC
estimation, BiDirRNN stands out as the most efficient model, although its accuracy is marginally lower than
GRU. The difference in accuracy is relatively tiny compared to the 23.1% increase in computational efficiency
that BiDirRNN provides. Conversely, GRU offers superior accuracy if computational resources permit a
slight efficiency trade-off. Where efficiency is a critical constraint, DBN remains only 16.7% slower than the
DNN but achieves a 77.4% improvement in MSE. Consequently, the DBN may be favoured under rigorous
resource limitations. At the same time, CNN and RBFN consistently show the poorest performance across
both SOC and capacity estimation tasks and are, therefore, less suitable for real-world applications.

5 Conclusion
This study systematically examined the accuracy and efficiency of multiple machine learning models for

capacity and SOC estimation using the NASA B0005 dataset. An initial review of SOC and SOH estimation
techniques—encompassing look-up tables, Kalman filters, Particle filters, observer-based approaches, and
data-driven methods—provided context for the subsequent focus on deep learning architectures. The data
exploration revealed key attributes and necessitated preprocessing and normalisation steps tailored to each
model’s requirements. The comparative analysis demonstrated that CNN performed the weakest across
both capacity and SOC tasks. At the same time, DBN emerged as the most accurate model for capacity
estimation, albeit with moderately higher computational overhead. The DNN remains a viable alternative
if computational efficiency is paramount, offering near-competitive accuracy with significantly reduced
prediction times. GRU and BiDirRNN delivered leading results for SOC estimation, with GRU slightly
outperforming BiDirRNN in accuracy but incurring a marginal penalty in computational speed. BiDirGRU
also performed strongly, reinforcing the robustness of bidirectional recurrent architectures for SOC tasks.
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These findings highlight the importance of balancing accuracy and efficiency, particularly for real-
time electric vehicle (EV) battery management systems (BMS) applications. Models exhibiting narrow
error bands and minimal bias in capacity and SOC predictions are better suited to prolong battery health,
optimise charging strategies, and enhance driver confidence in the remaining range. Future research may
extend these insights through cross-dataset validation, advanced augmentation methods, or transfer learning
approaches to accommodate new battery chemistries and real-world operational variations. By integrating
high-performing, resource-efficient models, BMS solutions can achieve excellent reliability and foster wider
adoption of electric mobility.
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