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Abbreviations

Al Artificial Intelligence

ANN Artificial Neural Network

API Application Programming Interface
BESS Battery Energy Storage System
CNN Convolutional Neural Network
CPU Central Processing Unit

CR Centric Requirement

DBSCAN Density-Based Spatial Clustering of Applications with Noise
DL Deep Learning

DT Digital Twin

ECM Equivalent Circuit Model

EDA Exploratory Data Analysis

EOL End-of-Life

ESG Environmental, Social, and Governance
FFN Feed-Forward Network

GPU Graphical Processing Unit

GRU Gated Recurrent Unit

HPC High Performance Computing

KAN Kolmogorov-Arnold Network

KPls Key Performance Indicators

LOF Local Outlier Factor

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MHSA Multi-head Self-Attention

ML Machine Learning

MLOps Machine Learning Operations

MSE Mean Squared Error

NN Neural Network

ocv Open Circuit Voltage

OPTICS Ordering Points To Identify the Clustering Structure
PDP Partial Dependence Plot

R&D Research and Development

RDB Relational Database

RFE Recursive Feature Elimination
RelLU Rectifier Linear Unit

RMSE Root Mean Squared Error

RNN Recurrent Neural Network

RSS Residual Sum of Squares

RUL Remaining Useful Lifetime
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SEI
SMAPE
SOC
SOH
TPU
VIF

Solid Electrolyte Interface

Symmetric Mean Absolute Percentage Error
State of Charge

State of Health

Tensor Processing Unit

Variance Inflation Factor
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1 Introduction

This thesis introduces a profound methodology that seamlessly integrates diverse
domains of expertise, including Electrical Engineering, Computer Science, Software
Engineering, Data Engineering, Energy Engineering, and Mechatronics. This approach
lays the groundwork for advancing sustainable energy solutions, focusing on enabling
the transition to a carbon-neutral future. It leverages the transformative pillars of
digitalization, decentralization, and decarbonization to drive noteworthy progress in how
battery systems are designed and optimized through Artificial Intelligence (Al).

A succinct overview of the three core pillars is provided below, with a more in-depth
explanation to follow in the subsequent chapters:

1. Digitalization is achieved through the implementation of ingenious algorithms
and sophisticated tools within coding and programming environments.

2. Decentralization is realized by seamlessly integrating diverse fields of
knowledge to unlock the synergistic potential between battery technologies
and Al.

3. Decarbonization is driven by a commitment to sustainability and collaborative
efforts toward advancing the energy transition.

As such, the methodology presented serves as a strategic blueprint for future
generations of engineers and scientists, empowering them with the tools and knowledge
to develop scalable, efficient, and environmentally friendly technologies that align with
global sustainability goals. Through its holistic perspective, this thesis opens new avenues
for interdisciplinary collaboration, fostering innovation in pivotal areas to address the
urgent challenges of climate change and energy transition.

1.1 Motivation

In the fast-paced energy industry landscape, the path to achieving the energy transition
is a challenging task that encompasses different topics in the field of science and
technology around the world.

With continuous advances in Al, developing and implementing a methodology in a
Battery Energy Storage System (BESS) is a crucial step to promote sustainability and
mitigate climate change. However, a significant lack of transparency appears during
algorithm design, model resource management, and interpretability, revealing specific
limitations in the reliability, adaptability, and robustness of the different methods
proposed both in industry and academia.

A BESS plays a vital role in ensuring the appropriate deployment of electric vehicles
and engineering technologies for the clean energy transition [1]. It encourages talented
professionals to develop, implement, and evaluate innovative strategies that deliver
foundational framing and optimal solutions [2]. This approach highlights the BESS as an
emerging technology within the realm of electric mobility, adeptly navigating various
challenges and seizing opportunities tied to Al-driven advancements in battery
management, such as smart power electronics, vehicular information, cloud computing,
green mobility, and wireless power transfer [3]. In addition, energy density, fast charging,
and safety issues are identified as the core issues of the operational performance of a
BESS [3]-[5], along with real-time state prediction based on the practical dataset [4],[6].

While data and energy-sharing insights are advancing through real-time status
prediction, health diagnosis, and charging control [3],[7]. There is a notable gap in
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Based on the literature study, the latest trends in the field are the combination of
different Al methods and battery models for improvement of the algorithm design to
achieve energy transition [8]—[11], therefore it is important to consider current challenges
when designing the present methodology:

1. Combination of different Al methods and battery models: Implementing Data-Driven
approaches, Al methods, and battery models that consider not only an engineering
perspective but also a computational point of view, all to provide a trustworthy
understanding across both physical and virtual entities.

2. Improvement and interpretability of algorithm design: Accurate, adaptable, and
reliable algorithm design based on user criteria, operating data, experimental
conditions, and BESS properties.

3. Energy transition and engineering technologies: Development of periodic strategies
that address the management, manufacturing, and application of battery
technologies, all to obtain optimal performance and deploy future technologies in
the energy field.

1.3 Objective of the thesis and hypotheses

The objective of this thesis is to strengthen the methodological and technological
capabilities of both industrial and academic sectors in developing resilient virtual and
physical models of a BESS. These systems aim to mitigate the impacts of climate change
that threaten sustainable stability, renewable energy sources, and the overall energy
integrity of the European Union.

To overcome the current challenges and to ensure optimal effectiveness, robustness,
adaptability, and reliability, the following hypotheses, in which existing methodologies
and algorithmic designs from both Al and energy domains are considered:

e  Battery tests have been meticulously conducted to assess the operational efficacy
of each component involved in the experiments. This ongoing scrutiny is essential,
as research lacking thorough validation risks promoting inaccurate and unreliable
theories.

e Both the physical and virtual entities of an energy storage system are affected by
different operational problems. In physical entity, degradation plays the most
relevant role, so under the End-of-Life (EOL) criteria, the internal performance of the
BESS has been affected. Similarly, virtual entity presents a challenging topic due to
real-time modelling, with its infrastructure heavily influenced by concept drift and
data drift. To monitor and address these issues, in this thesis, a methodology that
covers different branches of knowledge is created.

e Application Programming Interfaces (APIs) and Relational Databases (RDBs) have
been implemented to enhance coding optimization, manage larger volumes of data,
and improve the accuracy of measurements. This approach is essential because,
in the future, issues may arise related to Centric Requirements (CRs), such as state
estimation, Remaining Useful Lifetime (RUL), or charging management. In such cases,
immediate corrective actions must be taken. If the energy storage system is not
properly adapted to operational demands, it can lead to additional complications.
These complications may exploit existing performance limitations, ultimately affecting
the efficiency and reliability of the entire system.
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1.4 Scientific contributions

1.4.1 Scientific novelty

In Data Mining, four “super problems” are tackled: classification, outlier analysis,
clustering, and association pattern mining. The methodology addressed three of
the four super problems, which are classification, outlier analysis, and clustering.
Considering an energy framework, this significant contribution leads to the
improvement of Exploratory Data Analysis (EDA) by explaining the foundations of
the algorithm design.

In terms of stability, effectiveness, and interpretability, the methodology encourages
the deployment through Machine Learning Operations (MLOps) for potential
applications in the industry. The algorithm design of different Neural Networks (NNs)
is improved through Bayesian optimization, which stochastically generates network
architectures. This novelty motivates future generations to explore stochastic
applications in the energy sector for both industry and academia.

The Encoder-only Transformer has been proposed. It is coded and customized from
scratch, providing superior performance in state estimation with errors lower than
0.40%. In the algorithm design, the virtual and physical entities have been explained
in detail to meet user criteria and needs by unifying the Computer Science and
Electrical Engineering sectors. This allows the user to understand, customize,
perform scientific computing, and reduce the complexity in model interpretability.
Regression algorithms, binary classifiers, and NNs are proposed within the framework
of Machine Learning (ML) and Deep Learning (DL). Compared to existing scientific
literature and prior research, this thesis offers a significant contribution by establishing
the relationship between network hyperparameters, operating conditions, and BESS
applications. Thus, it yields valuable outcomes in both scientific and technological
contexts. In addition, it represents a pioneering testament that explains algorithm
design from scratch to an advanced level.

The Kolmogorov-Arnold Network (KAN) has been proposed as an alternative to
traditional NNs. It has demonstrated superior performance, achieving errors below
1.60% in the Model Performance Analysis, outperforming even the most accurate
NN categories, and whose tremendous contributions go beyond expectations.

1.4.2 Practical novelty

The proposed Data Mining algorithms are profitable in the Data processing step,
specifically in the EDA to identify outliers and provide anomaly detection in different
operational phases of a BESS. Segregation of explanatory variables is achieved by
considering Feature Importance, Feature Ranking, and Mutual Information as
benchmark signals that improves the algorithm design based on needs and user
criteria.

For analysis in the RUL and EOL criteria, the Data Science techniques are enriching
novelties to extend physics behavior through both Supervised and Unsupervised
Learning in the various stages of a BESS life.

Artificial Neural Networks (ANNs), Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), Transformers, and KANs are coded, validated, and evaluated.
Considering computational sources and working mechanisms, users have the
advantage of selecting the most optimal NN categories that fulfill their specific
demands.
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The Encoder-only Transformer is used to investigate charge diagnostics and is a
promising novelty in the Time Series analysis for industrial applications.

KAN is evaluated for RUL, state estimation, and charging management, whose
programming configuration, mathematical properties, and network architecture can
be further explored in the energy industry due to its exceptional performance metrics.

1.4.3 Applied novelties of emerging algorithms

Moreover, this research can help implement avant-garde algorithms in the industry,
which can be considered visionary in Software Engineering, Electrical Engineering, Energy
Engineering, Data Engineering, Mechatronics, and Computer Science.

A Hybrid model that implements Unsupervised and Supervised techniques in the
Data Science techniques provides the foundations to generate meaningful insights
into health and charge indicators through ML and ECM approaches. In the proposed
Regression algorithms and Binary Classifiers, all ML methods are designed and
executed under the foundations of Ensemble Learning for multitasking purposes.
In most of the literature, these algorithms are addressed for individual or separate
tasks, therefore limiting the performance and increasing the computational cost.
On the other hand, in the proposed methodology, all algorithms are automatically
considered while calculating the assessment of a BESS.

The proposed methodology can be used for advanced algorithm design in state
estimation, charging management, and RUL applications.

Because of the prominent level of adaptability, the algorithm design has the
potential to be deployed in different APIs, RDBs, and programming languages.

As the algorithm design has virtual and physical entities, once the physical entity is
coded and defined based on BESS properties, the virtual entity has the potential to
be customized by several functions and classes in a programming environment.
The compatibility of the algorithm design within the DL frameworks makes it feasible
to utilize Keras, PyTorch, and TensorFlow, depending on the user case, project
requirements, computational cost, and available resources.

It is of utmost importance to select the appropriate NNs according to application
type. It has been scientifically proven that specific NN architectures provide higher
performance in the Model evaluation based on different Centric Requirements
(CRs).

The proposed Transformer and its innovative multi-head self-attention (MHSA)
mechanism based on Encoder-only, represents a testament to developing,
validating, and evaluating contemporary architectures such as Decoder-only and
Encoder-Decoder.

The tremendous performance of the KANs for all CRs is an unprecedented pinnacle
in the Al and energy sectors, which encourages future generations to explore the
algorithm design of different energy technologies.
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Python Battery Mathematical Modelling (PyBaMM) is an open-source library developed
in 2020 [29,30], which enables users to simulate physical behavior under various conditions,
evaluating battery performance and relevant energy storage applications [31,32].

According to [I], the most relevant advantages of using electrochemical models are
summarized as follows:

e High accuracy compared to other battery modelling.

e Equations reflect the internal mechanism of a BESS, and chemical properties
highlight the energy framework.

e Provide a reliable and elevated level of adaptability that efficiently monitors the
physical entity of a BESS.

2.1.2 Equivalent Circuit Model (ECM)
The Equivalent Circuit Model (ECM) is a helpful approach to determining the engineering
framework of the various variables in battery modelling, providing a solid understanding
of the predictors during the initial stages of the methodology. However, complex
experimental procedures, a lack of virtual interpretability, lower accuracy compared to
electrochemical and mathematical models, and the expense of equipment highlight the
opportunity to consider different alternatives to overcome these challenges.

The ECM is composed of engineering parameters such as the voltage across the SEI
Av,(t), SOC, voltage source V., and the cell voltage output v, (t). The mathematical
equation that reflects the voltage source and SOC is given as follows and explained in [V]:

SOC(E) = SOCy +3 [ 1 () - %‘f“))dt, (1)

As described in [V], the input variables correspond to the self-discharge resistor Ry,
the initial SOC is expressed as SOC,, the applied current refers to i}, and the capacity of
the battery is the variable q.

Regarding the voltage across the SEI Av,(t), it is represented by the double layer
capacitance C;, and the resistance of the layer charge transfer R;. The Av.(t) is
mathematically calculated by equation (2) [V]:

. A
X GEFINNORE Y13 @)

The cell voltage output v, (t) is obtained by summing the voltage across the SEl,
voltage source, and the voltage drop due to internal resistance Rg, calculated by equation
3[VI]:

vy () = Ave + Y, (SOC()) +ip(t) *Rs,  (3)

For this research, two types of ECM are illustrated: first order in [V], and second order
for [VIII] and [IX], respectively. Due to its simplicity and viable implementation, the ECM
has been coded from scratch, using Python programming language to complement the
Data Mining techniques and support the results of meaningful processes such as Feature
Engineering, Feature Selection, and Variance Inflation Factor (VIF).

The most relevant contributions to using an ECM are summarized as follows:

e Straightforward understanding and helpful approach to generate explanatory
variables in the Data processing step.
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e  Computationally fast and efficient.
e  Provide an engineering framework to explain the physical entity of a BESS.

2.1.3 Mathematical model

The Mathematical model is based on both mathematical and physics-based equations
that describe the behavior of the BESS within the framework of analytical or stochastic
techniques [l].

Although the physical entity is not fully reflected, mathematical models are a more
suitable and appropriate option than electrochemical models or ECM due to their
elevated level of stability and accuracy in terms of Validation and Model Performance
Analysis, providing a high level of virtual interpretability.

For the purposes of this thesis, mathematical models are employed to support the
successful design of algorithms. Such modeling serves as the foundation for Al methods,
whose mechanisms are based on statistical arbitrage theory. The resulting methods use
stochastic algorithms and are applied to BESS datasets to generate advanced energy
solutions.

Although the operation of a BESS and its chemical properties present limitations in
terms of user criteria and industrial applications, the significant contributions of
mathematical models surpass expectations and can be summarized as follows:

e Prominent adaptability compared to Electrochemical and ECM models.

e  Provide a solid and clear interpretability of the virtual entity in a BESS.

e  Reduce the complexity of physical understanding through analytical or stochastic
methods.

2.1.4 Hybrid model

The hybrid model integrates a diverse array of specialized sub-models, each tailored to
address multiple tasks simultaneously. Its architecture is primarily structured around the
functional demands of BESS applications, while also adapting dynamically to user criteria
and operational priorities. By combining the strengths of distinct modeling approaches,
this hybrid framework enhances flexibility, scalability, and performance, ensuring that
complex energy management challenges are met with precision and efficiency.

It is fundamental to point out that, due to the operation and nature of the datasets,
a varying number of models, ranging from a few to many, are implemented to deliver
best results in the Model Performance Analysis. These models are customized to meet
specific needs of the project, tasks, or requirements.

In this thesis, the hybrid model is executed to conduct different steps and tasks that
will be discussed and explained in the next chapters, obtaining tremendous performance
metrics that satisfy the needs with more than 97% in several regression and classification
approaches. The promising outcomes obtained with the algorithm design and methodology
are presented below:

e Physical and virtual interpretability, which is validated and explained through
experimental procedures and programming tools.

e Tremendous performance in terms of error rate, complemented by technological
approaches and scientific branches of knowledge.

e Outstanding reliability and robustness for different BESS applications.

21









using SQL. Subsequently, the storage is conducted in the best-suited RDB for
historical or static data that needs to be organized and analyzed. In the BESS
domain, the user can use a RDB to store historical data on battery performance
over time. This database can include information related to product specifications,
such as battery charge cycles, lifespan, and failure rates.

4. To ensure data availability, the RDB provides consistency by representing
historical time stamps and allowing the user to query the data at a given period.
In the BESS field, the database can contain historical records of how battery
performance has changed over months or years, which is beneficial for long-term
analysis and RUL predictions.

5. Performance and stability are achieved in this phase, requiring data distribution
across multiple servers and data storage from available vendors or manufacturers.
An advantage of scalability is the opportunity to handle large datasets efficiently
with proper schema design and indexing for big data, specifically in charging
management and state estimation applications.

6. Thevision of the data integrity and relationship phase is to maintain data integrity
and enforce relationships between data using constraints such as primary keys,
foreign keys, and transaction management. For this innovative process, the user
can store battery data in multiple tables: one for performance metrics, one for
manufacturer specifications, and one for warranty information based on specific
needs, underlying the query's potential to join tables and enforce the integrity of
data relationships.

7. The use cases are proposed as a promising phase that relies on database
properties to manage structured and persistent data storage, especially when
complex data queries and relationships are required. Considering the energy
perspective, BESS aging or charging/discharging analysis could store large
historical data sets in a RDB to track and compare battery health over time in
multiple test environments.

8. To conclude the implementation of the RDB, the security phase is proposed as a
mechanism that ensures robustness and reliability by providing user roles,
permissions, and encryption to protect data. At this stage, battery lifecycle data
storage might require user authentication and access control lists (ACLs) to
ensure that only authorized personnel can modify or delete data.

It is meaningful to underline that in a BESS domain; the user can store historical
battery performance data in a RDB (such as MySQL or PostgreSQL) and then use the
desired API to load this data into their model for training.

The proposed phases and innovations of RDBs in the energy sector go beyond
expectations, representing a dynamism and visionary testament of the author,
promoting ties of cooperation with specialists from various branches of knowledge,
specifically from Computer Science, Software Engineering, and Mechatronics.

2.3 Chapter summary

Considering the topics discussed, this chapter's contributions are summarized in Table 1
and Table 2.
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The step-by-step breakdown of the RAGZ methodology is presented in the following
points:

1. The foundational framing starts by evaluating the broader research context. This
includes assessing the available resources based on battery modelling, APls,
RDBs, and their corresponding fit considering the energy industry.

2. In the CRs, identifying and understanding the specific needs and expectations is
the crucial goal. This step involves gathering user input, analyzing pain points, and
aligning solution objectives.

3. Once CRs are identified, they are incorporated into a broader strategic
management framework. This step ensures adaptability and alignment with
dynamic conditions and organizational priorities.

4. Building upon strategic goals, the User-Centric Al innovation focuses on designing
and developing Al solutions that directly address user needs. It emphasizes
usability, personalization, and Al-driven enhancements tailored to end-users.

5. The methodology progresses to the creation of advanced and forward-thinking
algorithms. These algorithms form the foundation of Al solutions and are crafted
with a focus on scalability, accuracy, and innovation. The aim of visionary
algorithm design is to craft pioneering techniques that propel the functionality
and enhance the efficiency of Al systems to new frontiers.

6. The final stage focuses on transforming Al-powered innovations into actionable,
real-world solutions. This phase encompasses implementation, rigorous testing,
and optimization to ensure the final product not only meets but exceeds
standards. The goal is to deliver impactful solutions that effectively address CRs
challenges while driving research growth and success.

In the following sections and chapters, all the relevant steps will be exemplified,
discussed, and put into practice, all with the goal of highlighting the innovative legacy of
the RAGZ methodology.

3.2 Coding validation and characterization

In the RAGZ methodology, the programming environment provides the highest level of
adaptability to establish evaluation and verification procedures, serving as a cornerstone
to support the entire system and meet the necessary specifications in the CRs. The added
value is given by the maximum dynamism and performance within the framework of
coding validation and characterization of physical and virtual procedures, complemented
by the visionary Kolmogorov-Arnold Networks (KANs) recently created in 2024, proposed
in [IX], and patented for a BESS in [X].

It is of utmost significance to note that the author embarks on an intellectual journey
by harnessing the R programming language as a foundational instrument in [IV], before
transitioning to the application of Python from [V] to [IX]. This seamless progression
underpins the development and implementation of advanced APIs and RDBs. In the scope
of this chapter, the most meaningful concepts that integrate the framework are
explained and illustrated: (1) Data drift and (2) Concept drift.
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3.2.1 Data drift

In this thesis, Data drift refers to a phenomenon where the distribution of the input or
independent variables, also known as features, changes over time. Such shifts can
degrade the reliability of the predictions, as the assumed relationships between features
and the target variable in the algorithm design may no longer be valid.

In an energy context and within the framework of the scientific publications for this
thesis, the data drift is presented intrinsically by the nature of the dataset, which is
related to CRs, user criteria, and BESS applications. The above-mentioned topics are
explained in the following points:

e The specifications in the CRs are initially defined by the different purposes,
constraints, and resources specified during the proposed industrial or research
project. From a statistical perspective, in the data drift concept, the data that the
model sees during deployment differs from the data it was trained on, which
causes a shift in the statistical distribution. In a BESS context, the main causes of
this problem are limitations in the experimental procedures, low quality of the
collected data, or deficient performance of the test equipment.

e The user criteria are a matter of strategic importance influenced by the data
distribution across the Data-Driven methods implemented in the algorithm
design, thus obtaining a low or prominent level of robustness and effectiveness
in the Model Performance Analysis. Ineffective Feature Selection techniques and
poor implementation of Feature Engineering generate a lack of consistency in
Data processing, which is one of the main causes of data drift based on user criteria.

e Inthe RAGZ methodology, the type of BESS application will play the most relevant
role in selecting the appropriate algorithm. Considering the Al field, data drift
occurs when the algorithm design is not optimal to meet the CRs, providing a lack
of transparency between the user's criteria and the methodology. Due to their
mechanism, architecture, and functionalities, Al methods deliver higher or lower
accuracy to different CRs, which will be introduced in Chapter 4.

To exemplify the data drift concept, Figure 2 illustrates the voltage density distribution
of the different CRs.
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Figure 2. Density distribution of the Voltage in three different CRs.
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By analyzing the density distribution, it is appreciated that there is an overlap between
the state estimation and charging management curves, which indicates a correlation
where the voltage values share similarities under certain conditions. On the other hand,
the RUL curve highlights that the voltage levels differ and correspond to a distinct group
of data, which describes lower values than those of state estimation and charging
management.

Considering the statistical analysis given in Figure 2, tightly grouped values are
observed in the data distribution of state estimation around higher voltages, charging
management displays moderate variability with slightly lower voltages, and RUL shows
both lower voltages and more spread in the data, indicating higher variability and
possibly reflecting more uncertainty as systems approach the end of their useful life.

To conclude the explanations of the data drift, it is of remarkable importance to
mention that the user has the mandatory task of understanding the needs and analyzing
the data distribution of both independent and dependent variables before the
initialization of the algorithm design.

3.2.2 Concept drift

Concept drift refers to a concept where the relationship between the input and target
variable has changed over time. This phenomenon occurs even if the overall data
distribution remains stable, because the underlying concept the model is meant to learn,
and capture has changed.

Compared to Data drift, the most relevant points in Concept drift refer to external
conditions that the user cannot manage completely, so more advanced methods are
required to address this challenging topic. Considering the wide domain knowledge
acquired by the author, Concept drift is represented by chemical structure, physical
properties, and operational scenarios, which are discussed as follows:

e The specific chemical structure of the BESS and the potential performance
provided by its components are based on electrochemical reactions, electrolyte
dynamics, transport phenomena, and thermal effects. In this specific case, the
concept drift is manifested not only in the foundations of the molecular level but
also in the advanced experimental techniques to characterize a BESS.

e The physical properties that the user and CR deal with the BESS refer to the
foundational structure from which the physics and mathematical framework
explain the core components and equations. The main elements that integrate
the physical properties based on Concept drift are the governing equations,
geometric and topological parameters, initial and boundary conditions, and
numerical discretization. In the RAGZ methodology, this point encapsulates the
core physics and mathematics of operation, which can then be customized and
extended for specific BESS applications.

e In the operational scenarios, the essence of the dataset will be processed and
considered in the algorithm design. For the RAGZ methodology, concept drift is
represented through external conditions that cannot be fully managed by the
user, such as degradation, aging, manufacturing defects, and environmental
conditions. The implication of operational scenarios highlights the significance of
designing resilient algorithms with optimal features and preventive measures
that take uncontrollable factors into account.
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For this thesis, proprietary additional datasets are collected and processed for
charging management by extensive battery testing on diverse Lithium-ion cells from their
corresponding modules. Explanations on the nature of the dataset, experimental
procedure, test equipment, and EDA are discussed in detail in [VII] and [IX]. Similarly, as
mentioned in [IX], and for comparison purposes in algorithm design, the numerous
datasets denoting charging management will be referred to as “RAGZ-cm dataset”.

A graphical representation that exemplifies the CR for the RAGZ-cm dataset is
illustrated in Figure 5. The X-axis represents the SOC, while the Y-axis indicates the Open
Circuit Voltage (OCV) of four Lithium-ion cells.
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Figure 5. CR representing the charging management of the RAGZ-cm dataset. [VIl], [IX]

It is seen that the OCV curves are non-linear, with pronounced increases in voltage at
low SOC (0—20%) and high SOC (80—-100%), being a typical pattern in Lithium-ion chemistry,
where significant changes in potential occur in these regions due to internal reactions of
the battery. The OCV range is between 2.8 V (at 0% SOC) and 4.2 V (at 100% SOC), which
is standard for most commercial Lithium-ion batteries. Regarding a comparative analysis,
Cell 1 and Cell 3 exhibit higher OCVs compared to Cells 2 and 4, indicating better
efficiency in terms of voltage response to charging, specifically Cell 3, which maintains
the highest OCV at high SOC, suggesting that it can store more energy towards the end
of the charge and showing an advantage for applications requiring full charges.

As for charging management, the non-linear nature of the OCV curves reflects the
voltage sensitivity, meaning that charging must be carefully controlled in these regions
to avoid over-voltage, which can lead to overcharging or underutilization. Furthermore,
as an example of the above statement, Cell 3 possesses a high OCV level which can be
more sensitive to overcharging, requiring careful control; in contrast, Cell 4 and Cell 2
exhibit a lower OCV which can make them safer during charging, but may also
underperform compared to the other cells, especially in high-drain applications or
devices requiring higher voltages.

In engineering terms, for applications where maximum efficiency and voltage stability
are crucial, such as electric vehicles, consumer electronics, and grid energy storage for
renewable energy integration, Cells 1 and 3 would be preferred. However, in applications
where safety and long-term durability under consistent loads are prioritized, such as
military and defense systems, energy storage for remote areas, and telecommunications,
Cell 4 might be better due to its conservative voltage profile.
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a late-stage spike in SOC, which may indicate more balanced energy usage, and
Operation 4 fluctuates significantly, due to high power demands or load variations.

Considering energy management and SOC stability, Operation 2 prioritizes gradual
power usage and slow charging, reflecting a system focused on safety and minimizing
depth of discharge, exhibiting the most stable SOC profile with the least number of
fluctuations. Operations 1 and 3 manage energy effectively, with fast recovery after
periods of heavy discharge and no extreme fluctuations, thus maximizing energy usage
while maintaining a sufficient charge for future demands that show smoother trends but
with varying levels of charging speed and load demand. For Operation 4, a system
designed to handle frequent variations in power load is reflected, with rapid response to
energy demands and supply, prioritizing the ability to manage irregular loads over
maintaining constant high SOC.

To summarize this CR, state estimation reflects different priorities, such as efficiency,
durability, or response to dynamic loads. The role of SOC prediction is to ensure that
each operating scenario manages battery power efficiently without causing overcharges
or deep discharges, which could shorten battery life or reduce its performance.
Understanding SOC trends helps optimize each operation based on its specific demands,
whether they focus on fast recharging, stability, or load management.

Relative to RUL and charging management, attaining a precise SOC hinge on addressing
the pronounced non-linear behavior inherent in a BESS. This complexity renders SOC
prediction particularly challenging, especially at the extremities of the SOC spectrum.
At extreme SOC levels, voltage changes become smaller and more complicated to measure,
increasing SOC computation complexity. Based on the above statements, the most
optimal algorithms have been designed to address the challenges presented in state
estimation, whose contributions are explained in [VIII], [IX] and summarized in the
following chapters.

3.4 Chapter summary

Considering the coding validation and characterization topics manifested by data drift
and concept drift, and the discussed CRs, this chapter's contributions are summarized in
Table 3 and Table 4.

34















In the case of OPTICS, as in DSCAN for this specific example, two groups are identified,
but these groups are better distributed across the range of SOC values. Cluster 0
represents the lowest SOC values (below 35%), while Cluster 1 contains from 40% to 55%
SOC, which is higher than DBSCAN. OPTICS effectively manages the varying density of
SOC values over time, providing better insights into different charging states, particularly
when SOC moves from mid-to-high SOC values. The Silhouette score of 0.844 is the highest
among the three methods, indicating well-separated clusters with better intra-cluster
compactness, making it a better fit for the dynamic nature of SOC, as seen in this dataset.

To finalize the clustering subsection, according to the Silhouette scores, the quality of
clustering improves from K-Means to DBSCAN to OPTICS. K-Means is not recommended
for non-linear BESS datasets due to overlapping clusters, DBSCAN works well but may
miss some finer details of SOC progression, and OPTICS is the most effective method as
it handles varying SOC densities over time more flexibly, thus where changes in battery
performance occur dynamically and at different rates, density-based methods that
account for varying densities deliver the most insightful results.

4.1.2 Outlier analysis

Outlier analysis is a process whose main objective is to emphasize points distant from
the general pattern distribution, known as outliers. The benefits of outlier analysis are
the identification, understanding, and management of data points that deviate significantly
from other observations in a dataset, avoiding anomalies, errors, or unexpected variations
in further processes.

In the energy field, outliers can arise for several reasons, including data collection
errors in experimental devices, measurement variability, or legitimate but rare phenomena
based on external conditions. Identifying these outliers in a BESS is crucial, so that it
contributes to indicating defects in manufacturing or machinery that require immediate
attention, identifying errors in data related to incorrect measurements, and leads to
more accurate predictions, better models, and more informed real-world decisions.

For the RAGZ methodology and based on [IV] and [V], DBSCAN, OPTICS, and LOF are
the selected algorithms to perform outlier analysis. Compared to DBSCAN and OPTICS,
LOF is only designed for outlier analysis, which calculates the local density deviation of
each point relative to its neighbors, and points that have lower densities compared to
their neighbors are considered outliers. Furthermore, the hyperparameters of LOF are
the number of neighbors used to calculate the local density (n_neighbors) and the
proportion of outliers in the data (contamination).

Like clustering implementation, the Silhouette score is obtained to provide vital
performance analysis and comparison, however, in the case of LOF, Recall metrics are
calculated to understand the proportion of actual and detected outliers. Figure 8 illustrates
the implementation of the outlier analysis in RAGZ-se datasets from state estimation,
revealing a promising application for uncovering unusual patterns in the behavior and
operation of the BESS.
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Figure 8. Outlier analysis implementation. [IV]

In DBSCAN, a high number of outliers suggest that the algorithm views many points as
falling outside the denser regions of the SOC data. The Silhouette score of 0.581 indicates
moderate clustering quality, observing a more balanced distribution between clusters
and outliers. However, the Silhouette score considers a substantial portion of the dataset
as outliers, especially in the lower and upper regions of the SOC range, thus revealing
that the algorithm struggles with capturing the underlying distribution of SOC data.

Regarding the OPTICS performance, it identifies a mix of outlier and non-outlier points
spread around the dataset. The algorithm shows a lower quantity of samples, which
indicates that clusters can form with at least three points, making it more flexible than
DBSCAN in capturing denser clusters. The Silhouette score of 0.689 suggests that OPTICS
achieves a more balanced identification of outliers, distributing green points across areas
of lower density while maintaining a more compact core of regular points. This may
reflect more realistic behavior in SOC data where certain deviations could represent true
anomalies without classifying too many points as noise.

In the case of LOF, multiple points are labeled as outliers, especially in the upper and
lower ranges of the SOC, but also within denser clusters. The performance of LOF with a
Recall score of 0.722 indicates local anomalies and lower fluctuations in the SOC as
outliers. Furthermore, when comparing the density of each point with its neighbors,
the number of neighbors equals a value of 2, meaning that the algorithm is sensitive to
little local deviations, complemented by a high contamination rate that forces numerous
points to be categorized as outliers.

As a summary of the exemplification provided, detecting numerous outliers as
provided in DBSCAN and LOF restricts the data points in the EDA and shows rigid user
criteria. On the contrary, under detection of true outliers leads to miss early warnings of
battery inefficiencies showing less severe conditions to achieve the Data processing step.
OPTICS demonstrated to offer the most balanced performance, with a well-separated
distinction between ordinary and outlier points, making it the most suitable, as it scales
well to varying data densities and has a higher silhouette score, indicating better outlier
analysis.

Considerations in implementing outlier analysis are crucial in distinguishing between
meaningful outliers and irrelevant anomalies, so understanding the nature of the dataset,
interpreting the context, and having solid domain knowledge are encouraged.
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4.2 Refined Feature Engineering for optimal model advancement

Feature Engineering is a process that aims to create new features based on various
mathematical calculations, thus providing the basis for the most promising predictors
that will integrate algorithm design.

In EDA, distinct categories of features make up the dataset depending on their
corresponding nature and application, so that it is possible to find numerical or
categorical features. In the RAGZ methodology, the datasets of each CR are composed of
numerical features, so scaling, normalization, and standardization are the selected
mathematical techniques to deal with the numerical range.

Exemplifying strategic thinking and long-term planning, focusing on overarching goals
such as improving CRs, driving growth, and transforming model operation, four pivotal
stages of Feature Engineering are proposed: (1) Combine features, (2) Tune objective
function, (3) Make new features, and (4) Launch and reiterate. The following points
emphasize the importance of Feature Engineering in enhancing the performance of ML
and DL models, explaining the four key stages:

1. The initial step refers to combining new features by merging existing ones.
It includes techniques like feature interaction, polynomial features, or aggregation
of related features, which in the RAGZ methodology refer to executing an ECM
approach by monitoring Electrical Engineering variables. The importance of
combining features allows the user to enhance model performance by capturing
interactions between variables that may not be evident individually, therefore
being valuable for improving accuracy, reducing bias, and making the model more
resilient.

2. After completing the initial stage of creating new features, tuning the objective
function will consist of adjusting the optimization criterion to evaluate its
performance. In the algorithm design, tuning the objective function involves
improving the calculated training and validation losses by introducing penalty
terms such as those used in regularization techniques. By tuning the objective
function, the user guides the model to prioritize the most relevant features, avoid
overfitting, and improve generalization to unseen data, ensuring that the model's
focus aligns with the specific goals of the task.

3. Once the combination of features and tuning of the objective function stages are
achieved, the creation of new features from raw data is executed using
techniques such as feature extraction, clustering, categorical variable coding, or
numerical data scaling. For this methodology, the creation of new features
through scaling, normalization, and standardization is complemented by the ECM
approach in the initial stage, providing an engineering framework. This phase is
crucial for uncovering hidden patterns and relationships in the data, which will
serve as a basis for Feature Selection and the algorithm design.

4. After the features have been combined, the objective function is tuned, and new
features created, the final stage is launching and reiterating. Due to the iterative
mechanism of Feature Engineering, after the initial model is trained, the user
revisits previous steps to continue improving the features based on model
performance. This continuous refinement cycle ensures that the feature
engineering process is dynamic, improving the model’s ability to generalize by
constantly adapting the feature set based on performance metrics.
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Mutual Information Score

Features

Figure 9. Filter method implementation using Mutual Information. [VIII]

In this example, Voltage (V), Current (l), Power (P), Capacity (mAh), Resistance (R),
SOC, and Energy (Wh) are the total features generated after executing Feature Engineering,
and the OCV is the target or predicted variable. Voltage and Power are seen to have the
highest Mutual Information scores, indicating that they contain the most information
about the target variable, followed by Capacity, SOC, Energy, and Resistance; on the other
hand, Current shows the lowest score, suggesting that it is less informative or has little
dependency on the predicted variable.

Filter methods are useful for understanding the individual relevance of features,
focusing on the statistical correlation between individual predictors and the dependent
variable. However, considering interactions between features, Wrapper, and Embedded
methods complement the initial insights, leading to different rankings and contributions
of each feature to the prediction process.

4.3.2 Wrapper methods

Wrapper methods in Feature Selection aim to use a ML algorithm to evaluate the
performance of a subset of features and iterate through different combinations of
features to find the best-performing ones. As explained in [VIIl], Forward Feature
Selection, Backward Feature Elimination, and Exhaustive Feature Selection are the
Wrapper methods implemented in the RAGZ methodology.

An effective Wrapper method based on a backward manner is Recursive Feature
Elimination (RFE), which recursively eliminates less relevant features based on the
model’s performance until the desired number of features is accomplished using a
Random Forest model. Figure 10 exemplifies the RFE performed in a RAGZ-cm dataset,
whose detailed implementation is explained in [VII], [IX].
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both Supervised and Unsupervised Learning, the Classification algorithms are customized
to a multi-classifier problem.

To elucidate this groundbreaking innovation, the RAGZ-se datasets, which pertain to
the state estimation CR, are processed across three distinct profile statuses: charge,
discharge, and rest. Advanced algorithms, including Decision Trees, Naive Bayes, Logistic
Regression, and Random Forest, are meticulously coded, validated, and evaluated, with
a focus on the following key modifications:

e Stratified splitting is performed to ensure class balance in training and validation
sets, to prevent one class from being underrepresented, and to maintain class
distribution in both sets.

e Conditional resampling of the minority class is set to oversee class imbalance in
the dataset. SMOTE (Synthetic Minority Oversampling Technique), under sampling,
or using class weights are recommended to improve model generalization and
preserve the original data distribution.

e After the initial steps are accomplished, the dataset is scaled to reduce potential
biases and inconsistencies that may arise from variations in feature values.

e Once the previous steps are completed, cross-validation using StratifiedKFold is
performed to validate the model across different training and test splits. This
ensures an understanding of the model's generalization ability while checking for
overfitting and underfitting.

e The final modification involves setting stricter hyperparameters to limit overfitting
by constraining the hyperparameter values and features of the corresponding
algorithms, thereby automating the process of tuning the objective function.

After running the key code modifications, Figure 16 provides the performance metrics
of the multi-classifier problem, consisting of Precision, Accuracy, Recall, and F1 score.
Random Forest performs best across all performance metrics, suggesting a good balance
between capturing true positives and avoiding false positives, making it a solid choice for
a multi-classifier problem. While Decision Tree also performs well, it falls behind Random
Forest in accuracy and F1 score, due to its susceptibility to overfitting complex patterns.
In the case of Logistic Regression, moderate performance metrics are provided,
suggesting a helpful baseline, but lacking the flexibility needed for non-linear patterns.
Finally, Naive Bayes performs poorly compared to the other algorithms due to its
independence assumptions, which may not align with complex and large datasets.

accuracy
precision
recall

fl

Random Forest Decision Tree Logistic Regression Naive Bayes
Wodels

Figure 16. Performance metrics on the multi-classifier problem. [VI]
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Figure 17. Graphical representation of the Regression algorithms in SOH prediction. [VI]

It is observed that all Regression algorithms effectively capture the overall linear
degradation trend of SOH with increasing cycle index, indicating battery degradation
accelerates as it approaches the end of its useful life. In the case of the test data,
the points are closely aligned with the regression predictions in most regions, suggesting
strong model performance.

In terms of practical implications, Ridge Regression and Lasso Regression algorithms
can be integrated into a BESS to monitor SOH more accurately. This is especially useful
under variable conditions where degradation is nearly linear for most of the battery life,
confirming the general degradation trend that enables operators to predict the RUL and
plan CRs effectively.

To conclude with this section, the novelties proposed in [VI] adequately capture the
SOH degradation, with Ridge regression emerging as the most vigorous and consistent.
This analysis underscores the importance of using regularized Regression algorithms like
Ridge and Lasso for datasets with noise or outliers. These tremendous advances can
significantly improve battery health monitoring and lifecycle management strategies in
real-world systems.

5.2 Harmonizing neural synergy for breakthrough battery solutions via
Deep Learning

Exploring the transformative power of digitalization in achieving the energy transition,
this section unveils a legacy of groundbreaking Al methodologies. The author embarks
on an extraordinary journey through the evolution of network architectures. It begins
with foundational models such as Artificial Neural Networks (ANNs), Convolutional
Neural Networks (CNNs), and Recurrent Neural Networks (RNNs), which were embraced
by early scientific visionaries. This journey extends to avant-garde architectures
like Multi-Head Self-Attention (MHSA) in Transformers and the groundbreaking
Kolmogorov-Arnold Network (KAN). Through relentless innovation, from rudimentary
coding to cutting-edge NN solutions, this narrative encapsulates the essence of ingenuity,
leaving a profound and lasting impact on future generations.
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units. Time steps and features are processed in the dropout layer, and a fully connected
output layer with one unit for regression predictions is connected.

Figure 20 visually shows the tremendous performance of RNNs, revealing a superior
ability to capture dependencies compared to ANNs and CNNs, based on the directional
mechanism and temporal processing for applications that require a complete contextual
understanding of the sequence.
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Figure 20. Graphical representation of the RNN for each CR. [VII]-[IX]

In the graphical manifestation shown in Figure 20, all RNN models perform well
overall, demonstrating their ability to oversee sequential data. For CRs based on RUL,
where temporal dependencies evolve naturally forward, unidirectional RNNs are sufficient
and have minimal errors across datasets, indicating that both architectures are robust
for battery-related predictions. Bidirectional algorithms show an advantage on datasets
with more complex temporal dependencies, such as CRs based on charging management
and state estimation. To conclude, RNNs are effective in capturing battery-related Time
series trends, highlighting the advantages of bidirectional architecture for datasets with
symmetric or complex dependencies, while unidirectional architecture is sufficient for
simpler sequential trends.

5.2.4 Transformer Network

Through an unyielding pursuit of distinction, spanning the rudimentary scripts of nascent
coding to the realization of state-of-the-art NN solutions, this subsection epitomizes the
author’s journey by coding, validating, and evaluating a Transformer for each CR from
scratch until transcendence.

As discussed in [VIII], the Encoder-only Transformer, inspired by the Bidirectional
Encoder Representation from Transformer (BERT), is the selected architecture. This is
due to its contextual representation, parallelization, scalability, adaptability, robustness,
and versatility in task design.

From a mathematical perspective, the MHSA mechanism is integrated by the key,
value, and query, which are defined as K, V, Q, respectively. In addition, a set of building
blocks that fulfill input mapping is represented by the variable T, and the dimension of
the vector is defined as dj,. The MHSA is explained by the next equation and its
outstanding contributions are described in [VIII]:
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4. In the Transformer stage, the encoder processes the Time Series input, and the
final dense layer maps the encoder output to provide the desired predictions for
each step in the input window.

5. A positional encoding function is coded to add sinusoidal positional embeddings
to the input data, which allows the Transformer to capture sequential order. This
splendid stage improves performance by using sine and cosine functions for even
and odd dimensions of the feature space.

6. A validation function completes the coding by evaluating the trained model on a
validation set. In this process, predictions and ground truth values for each step
are collected, and the function aggregates and aligns predictions to match the
original sequence length. Finally, a data frame for easy visualization of predictions
vs. ground truth is provided.

The marvelous implementation of the Transformer, complemented by the author’s
masterful skills for each CR delivers superior performance beyond initial expectations
and is visualized in Figure 21.
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Figure 21. Graphical representation of the Transformer for each CR. [VIII]

As evident in Figure 21, the Transformer effectively models long-term trends in capacity
fade and SOC dynamics. This highlights its ability to capture temporal dependencies in
the data. The Transformer also represents a noteworthy generalization across datasets
and variables, demonstrating robustness to different data distributions and patterns, and
delivering exceptional relationships for deterministic and monotonic data connections.
Compared to traditional NNs, the algorithm degrades at the extreme ends of the RUL in
the CALCE dataset, such as in late-stage capacity fading, where degradation accelerates.
The reliability, explainability, and interpretability of the Transformer to predict capacity
fade and SOC dynamics make this algorithm highly relevant for a Battery Management
System (BMS), broader energy forecasting tasks, and predictive maintenance for energy
storage systems.

5.2.5 Kolmogorov-Arnold Network (KAN)
In the realm of electrochemical systems, where non-linearity governs behavior and
multidimensional interactions define performance, emerging tools are essential to
unlock the understanding.

The Kolmogorov-Arnold Network (KAN), rooted in dynamical systems theory, provides
a resilient framework for decomposing non-linear energy landscapes. This approach
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6 Harnessing sophisticated algorithm design for industry and
academic excellence

In an era driven by technological innovation, the convergence of industry and academia
demands solutions that are both cutting-edge and impactful. This chapter explores
the transformative potential of advanced algorithmic frameworks. By leveraging
state-of-the-art methodologies, this approach bridges the gap between theoretical rigor
and practical application, fostering innovation, efficiency, and excellence across both
domains. It unifies diverse fields of knowledge, seamlessly bridging the domains of
Computer Science, Software Engineering, Data Engineering, and Electrical Engineering,
as displayed in the preceding sections.

The structure of this chapter is divided into six sections. The first section explains the
network architecture based on the most pertinent hyperparameters. The second section
illustrates the training, highlighting its mechanism and contributions to the Al methods.
The third section delves into the importance of Fine-tuning for the user criteria in
algorithm design and the fourth section underlines the role of Transfer Learning in the
RAGZ methodology. The fifth section elucidates the hyperparameter optimization to
achieve a convergence based on each CR. Section 6 delivers the validation results once
the previous steps are completed. Finally, in section 7, the unparallel results are
provided, incorporating the optimal network architectures, and the performance metrics
for all the datasets and CRs. This progression sets the stage for a transformative
approach, integrating advanced methodologies while exploring the synergies between
centralization and decentralized frameworks.

6.1 Network architecture

Considering the advances and novelties proposed in [VII]-[IX], the selected
hyperparameters in the network architecture are (1) Batch size, (2) Learning rate,
(3) Weight decay, (4) Gamma, (5) Number of units, and (6) Epochs.

In the batch size, the number of samples is processed before the model updates its
weight. Smaller batch sizes provide more frequent updates and better generalization but
may introduce noise into the gradient estimation, conversely, larger batch sizes produce
smoother updates but might lead to slower convergence or overfitting. Considering the
NN architecture, small batches help capture temporal dependencies better, especially
for sequence data, and large batch sizes are employed due to their efficiency in
leveraging GPU parallelism, specifically for CNNs. Considering KAN, batch size affects
convergence speed and accuracy since these networks rely on learning nonlinear
mappings over complex regressions.

In network architecture, the learning rate refers to the step size at which the model
weights are updated during training, its selection being crucial to avoid divergence,
inefficient training, and vanishing/exploding gradient. All NN categories are sensitive to
this hyperparameter, therefore adaptive learning rate methods like Adam are beneficial
to alleviate sensitivity but require Fine-tuning of hyperparameters according to the
contributions of [VII].

In the regularization process, the weight decay adds a small penalty proportional to
the magnitude of the weights to the loss function. In terms of NN selection, for RNNs,
ANNs, CNNs, and Transformer, the weight decay prevents overfitting by discouraging
large weights that may overemphasize specific features in sequential data; as for KAN
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patterns, representations, and knowledge acquired by an existing model, typically
trained on a vast and often general-purpose dataset, to accelerate learning and enhance
performance on secondary endeavor. This approach not only saves significant
computational resources but also allows for faster convergence, especially when labeled
data for the new task is scarce or expensive to obtain. By capitalizing on the deep features
learned from a broader, often unrelated dataset, Transfer Learning offers a powerful
strategy for solving complex problems, enabling models to generalize across diverse
domains with remarkable efficiency.

After completing the training and the Fine-tuning process, Transfer Learning offers
critical advantages in the context of algorithm design before the execution of
Hyperparameter optimization in the RAGZ methodology, such as an improvement in
model initialization, faster convergence during hyperparameter tuning, better feature
representation, reduction in the risk of overfitting, and efficient search for optimal
hyperparameters.

Considering an improvement in the model initialization, a pre-trained NN provides a
well-initialized set of weights based on knowledge from a previous, often larger dataset,
therefore leading to better convergence during Fine-tuning and Hyperparameter
optimization compared to starting with randomly initialized weights. With better initial
weights, optimization algorithms find solutions faster and often have better quality.

In the faster convergence benefit, since the algorithm starts with pre-learned features
that are useful for the new task, training requires fewer epochs, so Hyperparameter
optimization, which involves training multiple models, becomes computationally
efficient because the fine-tuned transferred model already approximates a near-optimal
solution.

Regarding feature representation, Transfer Learning enables the model to leverage
valuable feature representations from related tasks, which is particularly beneficial when
the CR has a limited dataset. In this context, this advantageous feature representation
allows the NN to generalize more effectively and enhance performance.

Due to different CRs and user criteria in dynamic and strategic management, the NNs
trained from scratch on small datasets are prone to overfitting. Transfer learning
mitigates this issue by leveraging the general knowledge from the pre-trained model,
ensuring that when Fine-tuning a pre-trained model, fewer parameters need to be
adjusted compared to training from scratch, reducing the risk of overfitting.

Before initiating hyperparameter optimization, Transfer Learning saves time and
resources by improving model convergence and narrowing the hyperparameter search
space. It enhances generalization and feature learning, making the hyperparameter
search more productive and efficient. This approach is crucial for addressing the
challenges faced by CRs and complements User-Centric Al innovations, proving especially
valuable in situations where datasets are small or computational resources are limited.

In NN pipelines, Transfer Learning acts as a critical bridge between initial training and
final Hyperparameter optimization, enhancing model performance while minimizing
computational demands of the CRs. This results in remarkable outcomes during the
Validation and Model Performance Analysis phases, driving the delivery of cutting-edge
solutions within the RAGZ methodology.
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Table 10. Performance metrics in the Validation step for the CALCE dataset.

NN MSE [%] MAE [%)] RMSE [%] SMAPE [%] RSS [%]
Shallow 0.01890 0.88897 1.37491 1.30884 0.43686
MLP 0.02036 0.99073 1.42688 1.31767 0.47050
DNN 0.07248 2.29504 2.69228 3.17046 1.67505
CNN-1D 0.04325 1.74101 2.07965 2.25001 0.99946
CNN-2D 0.02217 1.05863 1.48907 1.60311 0.51241
CNN-LSTM 0.02608 1.23708 1.61489 1.73842 0.60266
LSTM 0.11850 3.01924 3.44237 3.45480 2.73843
GRU 0.01689 0.80136 1.29950 1.12311 0.39024
BiLSTM 0.03385 1.28129 1.83990 1.61716 0.78231
BiGRU 0.03932 1.67719 1.98301 2.19784 0.90873
Transformer 0.53767 6.01212 7.33259 10.36050 13.05468
KAN 0.01278 0.49460 1.13061 0.77125 0.29540
Table 11. Performance metrics in the Validation step for the RAGZ-se dataset.
NN MSE [%] MAE [%)] RMSE [%] SMAPE [%] RSS [%]
Shallow 5.11442 1.36150 2.26150 0.70796 0.01935
MLP 3.76617 1.29633 1.94066 0.71619 0.01424
DNN 4.09496 1.40277 2.02360 0.72017 0.01549
CNN-1D 8.93079 2.04643 2.98844 0.71129 0.03378
CNN-2D 5.11969 3.40471 2.26267 0.71551 0.09917
CNN-LSTM 5.57406 1.68887 2.36094 0.70572 0.02108
LSTM 7.26541 1.76505 2.69544 0.70759 0.02748
GRU 10.36267 1.89256 3.21911 0.69891 0.03920
BiLSTM 10.87812 2.12006 3.29820 0.70189 0.04115
BiGRU 6.64136 1.68658 2.57708 0.71656 0.02512
Transformer 0.00005 0.00515 0.00735 0.11981 0.00204
KAN 0.00004 0.00171 0.00205 0.10098 0.00158
Table 12. Performance metrics in the Validation step for the RAGZ-cm dataset.

NN MSE [%] MAE [%] RMSE [%] SMAPE [%] RSS [%]
Shallow 0.00370 0.52151 0.60865 4.54107 0.05838
MLP 0.00133 0.33196 0.36471 4.49588 0.04185
DNN 0.00186 0.39944 0.43080 4.50839 0.05838
CNN-1D 0.00188 0.33644 0.43312 4.48826 0.05901
CNN-2D 0.00143 0.29167 0.37770 4.49088 0.04488
CNN-LSTM 0.00563 0.58733 0.75006 4.48371 0.17698
LSTM 0.00288 0.42836 0.53688 4.52585 0.09068
GRU 0.00304 0.44949 0.55121 4.51886 0.09558
BiLSTM 0.00289 0.42221 0.53758 4.52200 0.09091
BiGRU 0.00153 0.30098 0.39094 4.53861 0.04808
Transformer 0.00001 0.01964 0.02431 0.00487 0.00019
KAN 0.00047 0.10394 0.21727 0.30398 0.02537
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Table 13. Optimal network hyperparameters of the NASA dataset.

NN Batch Epochs Learning Weight Gamma Units
size rate decay
Shallow 254 500 0.00067 0.00010 0.15491 50
MLP 193 686 0.00037 0.00018 0.28115 88
DNN 245 960 0.00220 0.00943 0.99933 145
CNN-1D 114 839 0.00381 0.00012 0.64052 179
CNN-2D 113 622 0.00415 0.00931 0.21797 200
CNN-LSTM 138 982 0.00053 0.00014 0.51787 169
LSTM 100 800 0.00069 0.00001 1.00000 150
GRU 100 500 0.00054 0.00001 1.00000 135
BiLSTM 190 800 0.00106 0.00001 0.83458 100
BiGRU 200 800 0.00073 0.00001 1.00000 100
Transformer 16 200 0.00050 0.00010 0.9500 1
KAN 8 237 0.00220 0.00300 1.00000 32
Table 14. Optimal network hyperparameters of the CALCE dataset.
NN Batch Epochs Learning Weight Gamma Units
size rate decay
Shallow 184 1000 0.00852 0.00010 0.10000 150
MLP 186 903 0.00040 0.00715 0.92281 79
DNN 140 706 0.00481 0.00045 0.94007 77
CNN-1D 121 735 0.0045 0.00517 1.00000 173
CNN-2D 84 910 0.00141 0.00100 0.72541 101
CNN-LSTM 273 1000 0.00197 0.00583 1.00000 100
LSTM 100 1000 0.01000 0.00177 0.77640 155
GRU 100 1000 0.00393 0.00001 1.00000 128
BiLSTM 100 885 0.00742 0.00614 1.00000 128
BiGRU 191 803 0.01000 0.00001 0.51923 300
Transformer 128 100 0.00096 0.00003 0.57760 4
KAN 62 270 0.00220 0.00001 0.98029 16
Table 15. Optimal network hyperparameters of the RAGZ-se dataset.
NN Batch Epochs Learning Weight Gamma Units
size rate decay
Shallow 287 534 0.00032 0.00018 0.99252 115
MLP 164 780 0.00264 0.00161 0.89026 119
DNN 240 500 0.00010 0.00100 0.90000 64
CNN-1D 123 759 0.00340 0.00686 0.85708 196
CNN-2D 101 814 0.00558 0.00352 0.50953 206
CNN-LSTM 273 949 0.0077 0.00126 0.18926 318
LSTM 200 500 0.00100 0.00010 0.90000 200
GRU 200 500 0.00100 0.00001 0.90000 200
BiLSTM 200 500 0.00100 0.00010 0.90000 150
BiGRU 200 500 0.00100 0.00010 0.90000 150
Transformer 32 256 0.00100 0.00010 NA 8
KAN 171 39 0.00144 0.00010 1.00000 64
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Table 16. Optimal network hyperparameters of the RAGZ-cm dataset.

NN Batch Epochs Learning Weight Gamma Units
size rate decay
Shallow 253 621 0.00530 | 0.00071 | 0.56356 94
MLP 120 799 0.00013 0.00269 | 0.72794 78
DNN 205 846 0.00026 | 0.00772 | 0.80066 94
CNN-1D 259 602 0.00020 | 0.00077 | 0.65761 140
CNN-2D 293 639 0.00010 | 0.00159 | 0.92586 168
CNN-LSTM 117 697 0.00010 | 0.00580 | 0.99599 251
LSTM 181 864 0.00126 | 0.00039 | 0.58547 232
GRU 196 545 0.00307 | 0.00051 | 0.49582 168
BiLSTM 290 661 0.00662 0.00072 | 0.15768 248
BiGRU 285 874 0.00028 | 0.00160 | 0.81709 166
Transformer 63 450 0.00087 0.00025 0.90000 3

KAN 16 41 0.00730 1.42e-5 1.00000 16

Examining the optimal results in CALCE and NASA datasets, ANNs demand careful
tuning of learning rates and weight decay to prevent overfitting while supporting their
respective complexities, whereas CNN architectures reveal varying learning requirements
based on the complexity of their spatial and sequential feature extraction mechanisms.
In the case of RNNs, they demonstrate dataset-dependent differences in batch sizes and
epochs, with bidirectional variants benefiting from slightly more aggressive learning
rates, specifically in the BiGRU optimization. A prominent level of importance is given to
the efficient MHSA mechanism in Transformer models, which require fewer training
steps but benefit from meticulous learning rate adjustments and careful weight decay
optimization. KAN exhibits vigorous performance across both datasets, highlighting its
flexibility and efficiency in high-dimensional, nonlinear modelling tasks from fewer epochs
with carefully tuned hyperparameters.

Noteworthy interpretability for the RAGZ-se and RAGZ-cm datasets highlights the
complexity of the CRs and the importance of user criteria through dynamic and strategic
management during hyperparameter convergence. The ANN categories across both
datasets require careful tuning of the learning rate and weight decay to account for their
architectural complexities, demonstrating that Shallow NNs favor faster convergence,
while deeper models benefit from more extensive training. CNNs in both datasets
emphasize the importance of balancing the batch size and learning rate; however,
the CNN-LSTM architecture consistently requires more training but achieves stability
with careful regularization. RNN architecture exhibits a strong dependence on epoch
count and learning rate adjustments, particularly when bidirectional variants are used,
indicating that increased complexity necessitates more epochs in charge management.
Transformers consistently achieve efficient convergence with fewer training steps due to
their powerful attention mechanisms, making them highly adaptable for prediction tasks.
Finally, KAN stands out as a powerful and computationally efficient network, capable of
achieving strong predictive performance with minimal training.

By Fine-tuning pre-trained models and performing targeted validation, results
demonstrate how careful hyperparameter optimization can bridge the gap between
baseline results and optimal performance in complex learning tasks. The findings
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considered KPIs, all based on their property of storing and
explaining the physical interpretation of additional variables
such as Resistance, Power, Capacity and Energy of a BESS.
These KPIs represent a remarkable level of statistical corre-
lation in the set of predictors due to the Filter methods and
show intrinsic engineering behavior with the target variable
according to the Wrapper and Embedded methods.

It is required to mention that the results provided by the
Feature Selection methods do not differ but rather have a
different scope to complement each other in algorithm design,
supported not only by statistical correlation and mutual infor-
mation but also by the feature importance and performance
metrics.

Before concluding this section, it is essential to highlight
that KPIs will be defined as predictors during the design of
the Transformer model in the next section, which will reduce
computational complexity and promote a better understand-
ing of the network architecture.

In the following sections, the proposed Al methodology in
this research employs both virtual and physical entities. The
physical entity refers to the Li-ion cells in the experimental
tests, while the virtual entity is defined as the Transformer
model in the algorithm design.

IV.TRANS R R

Recurrent eural etworks R s have been one of the
most prominent Al methods for capturing timely dependen-
cies in sequences. As stated in , it has been scientifically
and computationally proven that implementing only atten-
tion mechanisms without any R can improve the results
of eep Learning algorithms, all due to its ability to learn
context and meanings through tracking relationships in
sequential datasets.

Transformer models comprise large Encoder- ecoder
blocks that use positional encoders to label data elements
entering and leaving the network. Architecturally, attention
units follow the data labels, calculating and mapping each
related element. Attention queries are executed in parallel by
calculating an equation matrix process, which is called multi-
head attention.

From a BESS perspective, implementing a Transformer
model by forgoing the decoder layer results in a more accurate
state estimation , so this approach will be considered
in the algorithm design that implements an Encoder-only
architecture.

In this section, a Transformer model is designed, coded,
and executed to achieve state estimation. The main ob ective
is to show the robustness and adaptability of new  architec-
tures based on multi-head attention mechanisms and compare
their performance with traditional eep Learning algorithms,
all to define a methodology for the algorithm design of a
BESS through Al-powered technology.

COD R RCHIT CTUR D LGORITHM D SIG
The encoder architecture is inspired in the Bidirectional
Encoder Representation from Transformer BERT model,
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in which attention layers process the input and provide a
sequence of embeddings as output. Attention is a mechanism
that assigns weights to each input based on their importance,
where the weighted sum is then used to compute the output of
the model .Inthe design, the only difference with the
Encoder- ecoder architecture is the self-attention: in BERT
it is a bidirectional method that considers both at left and right
with respect to the selected input.

The Encoder-only Transformer provides a faster Training
step than R S, processing the information in common
blocks, which are the input vector, positional encoding,
encoder stack, and the linear layer. The input vector con-
sists of Voltage, Current, and time, previously defined as
KPIs. In contrast, positional encoding is a network repre-
sentation that describes the position or location of the input
in a sequence, such that each position is assigned a unique
representation. The encoder stack is a network composed
of multiple layers of autoencoders, and the linear layer
indicates the matrix operations executed on the Multi-head

self-attention MHSA mechanism , 8.
Mathematically, key, value, and query are the main ele-
ments of the MHSA , 8, 9, which are defined as

K, V,and Q respectively. imension of the vector is defined
as dj and the variable T is represented as a set of building
blocks that will serve as input to be mapped and processed in
the model, usually named tokens in atural Language Pro-
cessing 9, 30 .The MHSA is explained by Equation

N

Vi

In the context of the network architecture, the query refers
to the pro ection vectors in the input sequence, the key rep-
resents every input associated with the possible predictions,
and the values are the set of best predictions provided by the
encoder.

After completing Feature Selection for KPIs identifica-
tion, the data is processed, and the next steps summarize
the algorithm design of the Transformer model within the
framework of TensorFlow and Keras as a high-level API:

Attention Q, K,V = softmax \%

o Data processing: A class containing a set of ob ects is
defined in Python to process the data, based on the prop-
erties of the BESS, such as the rated capacity and the
vector array of the KPIs. Regarding the hyperparameters
of the Transformer model, the initial network architec-
ture is defined as including a set of hyperparameters,
such as batch size, learning rate, epochs, weight decay,
and attention units.

o Encoder layer: The encoder layer is defined using the
fully connected sequential layers, composed of a MHSA
mechanism, and followed by a fully connected feed-
forward network; furthermore, batch normalization is
added to significantly improve the efficiency of the mul-
tivariate Time series process 9 .

o Transformer: The Transformer model is designed by
using the full encoder, subsequently the network starts
the execution of the embedding layer by passing the
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input and using the positional encoding method. A learn-
ing rate schedule with Cosine Annealing is developed
through Adam optimizer [31] for monitoring the losses
between the start and end of every epoch.

o Training: The corresponding hyperparameters are incor-
porated into the Transformer model to start the Train-
ing step. The algorithm compiles the values defined
in the Data processing, updates, and saves the best
model parameters, obtaining the Training and Validation
curves.

o Fine-tuning and Hyperparameter optimization: The ini-
tial set of hyperparameters is processed to start the
Fine-tuning process, and hyperparameter optimization
is executed through the Keras tuner. In this step, the
performance metrics per every combination of hyper-
parameters are calculated, and the resulting network
architectures correspond to the minimal validation loss
of the learning curves.

o Validation and Testing: K-fold cross-validation is per-
formed, and minimum validation loss is achieved, after
that, the performance metrics are obtained. Finally, new
predictions are calculated on unseen datasets in the
Model evaluation step.

An overview of the algorithm design and the previous

explanations can be seen in Fig. 8.

learning curves is a critical task during the Fine-tuning, so that
ensures the model is enabling rapid development and iteration
to avoid overfitting or underfitting.

An example of learning curves of the Training and Valida-
tion losses is seen in Fig. 9, indicating that the model reaches
a minimum loss and convergence above 100 epochs.

\ —— Tain Loss
\ — Val Loss

Loss [%]

epochs

FIGURE 9. Learning curves of the Training and Validation losses.

The Transformer is executed to make predictions and test
performance with other RNNs and Bidirectional Recurrent
Neural Networks (BRNNs). For comparison purposes, Long
Short-Term Memory (LSTM), Gated Recurrent Unit (GRU)
[51, [32], [33], and their bidirectional architectures BiGRU
and BiLSTM [34] are implemented to evaluate the accuracy

Algorithm design of different Deep Learning algorithms. Performance metrics
| are obtained by calculating the MSE, RMSE, and MAE.
T d;r’ - *LH‘L u—“— a f:ii;ﬁ“ Testing set Table 5 shows the performance metrics in the Validation step.
— Is minimal and charge
Batch validation loss diagnostics | TABLE 5. Performance metrics in the validation step.
normalization achieved? |
MHSL Valid;ﬁon ' Algorithm MSE [%] RMSE MAE
mechanism Fine n;ning and Model [%] [Vo]
i en‘co der and Kopirmuragicrer - evaluation. Transformer 0.0100 1.0031 0.8554
embedding layer optimization LSTM 0.0334 1.8422 0.9529
| : GRU 0.1100 3.3166 2.1503
Training .
| Tesintag | BiGRU 0.0676 2.6012 1.7629
FIGURE 8. Flowchart of the algorithm design of the Transformer model. BiLSTM 0.01450 1.2062 0.7077

B. TRAINING AND FINE-TUNING

In the design of the algorithm, the Training set helps the
model to recognize patterns and make predictions, on the
other hand, the Validation set serves as a reference point to
evaluate the performance of the model based on the learning
process. In this study case, the Training set corresponds to the
battery tests of the first Li-ion cell in a total of fifteen cycles,
while the Validation set comprises the remaining five cycles.
In the context of network architecture, Transfer Learning
plays a crucial role that leverages the patterns, representa-
tions, and knowledge learned by an existing model on a large
and often generic dataset, therefore saving time and com-
putational resources, improving generalization, and allowing
for learning with limited data. Noteworthy, a visualization
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Upon the successful completion of the Fine-tuning and
Hyperparameter optimization processes, the optimized net-
work architectures are meticulously saved and stored in Keras
file formats. These refined models are then ready to be uti-
lized during the subsequent Model Evaluation phase. In this
critical step, the models are applied to the Testing set, allow-
ing for an in-depth assessment of their generalization ability.
Table 6 provides the optimal network hyperparameters for
each algorithm.

C. STATE ESTIMATION AND CHARGE DIAGNOSTICS

To complete the Model evaluation step, the Testing set con-

sists of the twenty battery test cycles of the second Li-ion cell.
The Transformer model is evaluated on the Time series

dataset generated by the second-order ECM and explained
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TABLE 6. Optimal network hyperp ters.
Algorithm Bath | Learning | Epochs | Weight | Units
size rate decay

Transformer | 32 0.0010 100 le-4 8

LSTM 64 0.0008 51 le-5 150
GRU 64 0.0007 65 le-5 250
BiGRU 64 0.0004 42 le-5 200
BIiLSTM 64 0.0060 75 le-5 250

in Section II, whose operating parameters were previously
processed by the battery tests of the Li-ion cells.

The metrics of performance are calculated for RNN,
BRNNS, and Transformer in the Testing sets to complete the
Model evaluation step. MSE, RMSE, and MAE are calculated
to obtain the results for each algorithm and are provided in
Table 7.

TABLE 7. Performance metrics in the model evaluation.

Algorithm MSE [%] RMSE MAE
[%o] [%o]
Transformer 0.3318 5.7072 3.3460
LSTM 1.7810 11.5134 9.2970
GRU 2.0482 12.5514 10.5919
BiGRU 1.9169 11.7673 9.8786
BiLSTM 1.5521 10.6758 8.8536

Fig. 10 shows a Time series representation illustrating
the evolution of the SOC, offering a comprehensive visual
analysis of the performance of the Transformer and the most
accurate NNs in comparison to the actual values observed in
the testing set. This representation stands as a powerful tool
for the real-time monitoring of a BESS, providing essential
diagnostics for effective charging management. By identify-
ing anomalous patterns, it enables early detection of potential
issues within the SOC, thereby enhancing the reliability and
efficiency of the system. Moreover, this capability facili-
tates predictive maintenance, optimizing the lifespan and
performance of the BESS while minimizing downtime and
operational risks.

The error rate of Transformer is significantly lower than
that of RNNs and BRNNs with less than 6% in terms of
RMSE and MAE, and 1% for MSE, which represents a
crucial result of the Transformer architecture, specifically
considering the parallelization and Training efficiency due to
MHSA by excluding the information loss during positional
encoding.

Compared to RNNs and BRNNs, Transformer provides
scalability for large datasets and prominent global pattern
recognition, implying that, unlike traditional NN architec-
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FIGURE 10. Graphical representations of the predictions in the model
evaluation step.

tures, it efficiently processes data in parallel and captures
relationships between all elements of a sequence simul-
taneously, due to the advantage of using MHSA. Conse-
quently, Transformers can better model complex relation-
ships between distant tokens in the input generated by
the positional encoding. In terms of efficiency in Training
and Validation steps, Transformers are more efficient than
RNNs and BRNNs in handling long-range dependencies in
sequences, which offers promising results for studying and
designing different architectures such as Decoder-only and
Encoder-Decoder architectures.

Regarding BESS charge diagnostics, RNNs process charg-
ing and discharging data one element at a time, maintaining
an internal hidden state updated at each step. BRNNs oper-
ate recursively, where the output at each step depends on
the previous hidden state and the Voltage and Current val-
ues stored in the query. On the other hand, Transformers
non-sequentially process the charging management data in
parallel, relying on self-attention mechanisms to capture time
dependencies between different elements in the Voltage and
Current vectors, without recurring connections or hidden
states.

D. DISCUSSION

In the initial steps, Feature Engineering and Feature Selection
play the most significant role, all to provide information
about the correlation, dependence, and mutual information
of the variables before algorithm design. It was demonstrated
through Filter, Wrapper, and Embedded methods that even if
an elevated level of correlation is found, the algorithm shows
the maximum level of performance using Voltage, Current,
and time, achieving KPI calculation.

From the BESS domain, including all predictors and target
variables allow the user to understand the operating profile
and physical interpretation, however, not in all cases these
indicators are available, which is why the KPI calculation
and Feature Selection are required to ensure data process-
ing and gain insight into algorithm design. Considering the
architecture of the Transformer, Encoder-only is selected
for effective state estimation, mutual information between
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hyperparameters and the MHSA elements was established
based on the positional encoder, in which the learning rate
schedule and the batch size monitor the behavior of the SOC
due to different step sizes and samples that update the model
weights in the MHSA mechanism. Positional embeddings are
considered another innovation introduced in a Transformer
model to replace recurrence, the idea is to use fixed or learned
weights that encode information related to a specific position
of a token.

In the Model evaluation step, the Transformer surpasses
both RNNs and BRNNs in performance metrics. Its algo-
rithmic design, leveraging the MHSA mechanism, excels at
learning complex, non-linear patterns during BESS opera-
tion, delivering exceptional performance in model-dependent
state estimation algorithms. This sophisticated mechanism
proves advantageous for tackling more demanding tasks such
as forecasting. However, to unlock its full potential, modifi-
cations to the network architecture are essential, particularly
through the implementation of encoder and embedding layer
structures or Fine-tuning techniques.

Although the Encoder-only Transformer shows out-
standing performance metrics by executing Fine-tuning
and Hyperparameter optimization, implementing additional
search algorithms is an opportunity area to complement the
network architecture due to the execution of more techniques
such as Bayesian optimization, genetic algorithms, or Hyper-
band.

Compared to existing Machine Learning models and
physics-based approaches [35], [36], this methodology starts
with algorithm design from a beginner level that initially
familiarizes the reader with the topic, until reaching an
MHSA mechanism that can make accurate predictions in
the Model evaluation step. Furthermore, considering the
algorithm design, due to the high level of network architec-
tures and programming tools of this research, this methodol-
ogy complements some Deep Learning methodologies and
Transformer models that not only focus on the Remaining
Useful of a BESS [37], [38] but also the State of Health [39],
fault prognosis [40], and charging management [41].

The challenges addressed by the current methodology in
the predictive maintenance of a BESS are comprehensively
summarized in Table 8. The innovative approach leverages
advanced algorithm design, incorporating predictive models
capable of analyzing vast amounts of operational data in real
time. By utilizing sophisticated techniques in Al, the Trans-
former not only anticipates diagnostics before they escalate
by Transfer Learning but also adapts to evolving patterns
within the BESS. This dynamic framework ensures that the
predictive maintenance strategy is both proactive and respon-
sive, thereby significantly reducing downtime and extending
the operational lifespan.

The Encoder-only Transformer represents a crucial and
initial step in the future algorithm design of a BESS using
Al methods, all to execute optimal predictive maintenance
and support business consulting, research, and enterprise
testing.
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TABLE 8. Challenges addressed by the current methodology.

Topic Challenges addressed

Battery e  Extensive battery testing of Li-ion

technology cells validated in an R&D
environment

e Virtual entity composed of an

Encoder-only Transformer, whose

physical representation is based on

battery properties

Accurate Model evaluation based

on MHSA mechanism and KPIs of

a BESS

e Innovative design using Time
series analysis, operating data, and
Al methods.

Algorithm .
design of a
BESS

The promising results and contributions of this research
demonstrate the potential for the build, design, and operation
of a BESS over its lifetime, supporting not only the global
demand for transportation electrification [42] but also the
possibility of employing 80% of their initial capacity for
multiple storage solutions and second use, such as high-
energy, high-power applications, and hybrid solutions [43].

Employing reliable, adaptable, and accurate Al methods
in the digitalization of the energy industry is a driver for
both industry and academia [44], so considering the second
use of a BESS is a challenge that enhances climate change
mitigation and promotes future opportunities on the path to
the energy transition [45].

V. CONCLUSION
In this study, a Transformer model based on an Encoder-only
architecture was employed to achieve state estimation and
charge diagnostics, marking a crucial step in the algorithm
design of a BESS. Extensive testing of Li-ion cells was
carried out under various conditions and scenarios, accom-
panied by measurements via UltraLoad software for remote
operation and monitoring. The simulation was run by coding
a second-order ECM to generate Time series data and test the
robustness of the algorithms. This strategy was carried out
through the design, development, and implementation of the
MHSA mechanism to convert the initial networks into several
Al models, capable of emulating the operation of a BESS.
Key results demonstrate that the design and execution of
a Transformer model shows more optimal performance com-
pared to RNNs and BRNNs in the Deep Learning domain,
whose network architecture can improve the algorithm design
within an energy framework and explain the behavior of
both virtual and physical entities of a BESS, answering the
research question. Compared with current scientific refer-
ences, this article proposes an innovative and exceptional
approach in the field of a BESS by using an Encoder-only
Transformer, which is complemented not only by Feature
Selection methods and Time series analysis but also by an
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engineering perspective based on a second-order ECM and
experimental battery tests of Li-ion cells.

The resulting Encoder-only architecture, firmly rooted in
empirical data, is a significant outcome of this research
that represents a substantial advance in the development of
Al-driven technology for BESS diagnostics. Regarding the
limitations of this work, the BESS chemistry is an impor-
tant element to consider in the physical entity, and the
Encoder-only architecture in the algorithm design, so it is
recommended to experimentally test new chemistries and
design different Transformer architectures in future work.

Among the most important novelties of this research are:
1) The proposed Transformer can be used as part of advanced
model-dependent state estimation algorithms of a BESS
through AI methods, 2) As the algorithm design of the Trans-
former has physical and virtual entities, the virtual portion can
be optimized by Black-box Al, while the physical entity can
be used for simulating different experimental conditions, 3)
For current analysis of the BESS behavior, the Time series
representation helps in the anomaly detection and charge
diagnostics, and is also complemented by prior performance
and comparison of different Feature Selection methods to
identify KPIs, 4) The compatibility of the Encoder-only
Transformer through the MHS A mechanism makes it feasible
to exploit different architectures such as Decoder-only and
Encoder-Decoder.

The pioneering and visionary research carried out in this
article represents a testimony to the unification of several
branches of knowledge, such as Electrical Power Engineer-
ing and Mechatronics, Computer Science, and DevOps. The
next steps will consist of the deployment through Machine
Learning Operations (MLOps) and the incorporating of new
Transformer architectures.

Finally, it is of utmost importance to mention that the
resources of a research group must facilitate the participation
of those resources for other research groups. Our research
must facilitate a modest contribution to promote ties of coop-
eration and collaboration, which is our vocation as scientists,
researchers, and scholars.
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