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Abstract: - There is a lot of interest in the important role that machine learning (ML) plays in developing several areas of lithium-ion battery
development. This paper looks at the problems, recent developments, and real-world applications of using machine learning to lithium-ion
battery research. It highlights the significance of particular machine learning techniques and their revolutionary impacts. Applications of
machine learning in the design, manufacturing, maintenance, and end-of-life phases of lithium-ion batteries are covered in the study. Key
challenges addressed include limited data availability, complexities in data pre-processing and cleaning, small sample sizes, high
computational demands, difficulties in model generalization, lack of transparency in ML models, scalability issues with large datasets, data
bias, and the interdisciplinary nature of the field. Proposed solutions include leveraging techniques like Transfer Learning and N-shot
Learning to address small dataset limitations, which are highlighted as promising future directions. By presenting these insights, the paper
deepens our understanding of ML's role and offers valuable guidance for researchers and practitioners to fully harness its potential.
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| INTRODUCTION
OVERVIEW OF RESEARCH ON LITHIUM-ION BATTERIES

As environmental and ecological concerns grow, there is a growing need for sophisticated energy storage
systems to support the development of smart grids and the widespread adoption of electric vehicles (EVs). The
method by which lithium-ion batteries (LIBs) store energy is called reversible lithium-ion reduction. Graphite is
the anode (negative electrode) in a standard LIB setup, while a metal oxide is typically used as the cathode
(positive electrode) during discharge [1]. The reversible transfer of lithium ions between the electrodes through
the electrolyte is demonstrated in Figure 1, which depicts a typical LIB configuration.

Lithium-ion batteries (LIBs) featuring graphite anodes and LiCoO: cathodes represent state-of-the-art energy
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Figure 1 shows an illustration of the commonly used LIB configuration with a graphite anode and
LiCoO2 cathode in the discharge state.

storage solutions, supporting a wide range of applications. Maximizing their performance necessitates the
development of advanced strategies for modelling, optimization, and management. LIBs have transformed energy
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storage with their exceptional attributes, including high operating potential and superior energy and power density.
These qualities have made them indispensable across various domains, from portable electronics like smartphones
and laptops to large-scale applications such as electric vehicles and microgrids.

However, traditional LIBs are nearing their theoretical energy density limits, and challenges related to
performance and cost efficiency persist. Consequently, significant research efforts are focused on exploring novel
electrode and electrolyte materials to enhance LIB performance and expand their capabilities [2].

A. An Overview of Machine Learning and Its Significance for Scientific Investigations

The goal of machine learning (ML), a branch of artificial intelligence (Al), is to imitate human learning
processes using data and algorithms while continuously improving performance and accuracy. For tasks like data
analysis, pattern identification, anomaly detection, and simulations, machine learning techniques are frequently
employed in scientific research. These techniques remove the requirement for explicit instruction by empowering
computers to learn and adapt on their own. Additionally, ML helps researchers make new discoveries and
comprehend complicated systems by making it easier to extract important insights from large and complex
datasets [3].

In the context of lithium-ion battery (LIB) research, ML has become an invaluable tool. It accelerates material
development by efficiently identifying rapid ion conductors, selecting appropriate electrolytes, and addressing
challenges like dendritic growth in lithium metal anodes. Chapter 5 delves deeper into the various applications of
ML in LIB research. Battery studies frequently employ supervised and unsupervised learning techniques [4],
which are discussed further in the chapter. The integration of ML is motivated by the complexity of LIB cell
manufacturing and advancements in digital and information technologies, underscoring the critical role of these
approaches [5].

Accelerating the development and optimization of the future of battery technologies is the main goal of using
learning algorithms in lithium-ion battery (LIB) research. This study's Chapter 4 discusses the present issues with
LIB technology, while Chapter 5 investigates the knowledge gaps that still exist and how machine learning can
help close them.

In order to find complex linkages and patterns within LIBs, researchers have used data analysis and algorithms.
Numerous machine learning (ML) approaches, such as support vector machines, random forests, and artificial
neural networks (ANNS), have been applied to predict LIB performance, optimize material production processes,
and enhance electrolyte design. Material research has traditionally mostly depended on trial-and-error techniques
or coincidental discoveries, which are frequently time-consuming, expensive, and ineffective [6].

In recent decades, computational chemistry methods like first-principles calculations, molecular dynamics,
and Monte Carlo simulations have become essential for advancing experimental efforts in material discovery and
design. However, these techniques face limitations such as scalability issues and high computational costs, which
hinder their ability to deliver accurate predictions for many real-world material challenges. Section 5.8 provides
a detailed discussion of these computational hurdles.

To address these limitations, innovative strategies are needed to accelerate materials research. Machine
learning (ML) presents a promising alternative by analysing data and identifying correlations between various
parameters, thereby streamlining and enhancing lithium-ion battery (L1B) research efforts.

B. Various Machine Learning Techniques in LIB Research

Significant advancements have been made in leveraging machine learning (ML) to predict battery behaviour,
enhance performance, and efficiently manage lithium-ion batteries (LIBs). ML applications in LIB research
include the design of solid-state electrolytes, prediction of ionic conductivity [7], and rapid screening of ion
conductors, with specific examples detailed in Chapters 3 and 4 of this study. Common ML techniques utilized in
LIB research include:

. Supervised Learning: This technique involves training models on labelled datasets to predict outcomes
for new inputs. For instance, supervised algorithms can forecast a material's ionic conductivity based on its
chemical composition.
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. Unsupervised Learning: This approach identifies patterns or clusters within unlabelled data. It is
employed to group materials with similar structures or properties, facilitating the discovery of relationships among
various compounds [8].

Additionally, specific ML models commonly employed in lithium-ion battery (LIB) research include:

. Artificial Neural Networks (ANNs) are made up of an input layer, one or more hidden layers, and an
output layer, which are all interconnected layers of nodes. Using experimental datasets, these models are
commonly used to mimic the electrochemical behaviour of batteries because they are excellent at extracting
intricate patterns from data [9].

o By improving behaviours based on feedback or rewards, reinforcement learning is a strategy that
emphasizes learning via trial and error. The goal of reinforcement learning algorithms is to optimize overall
performance by designing effective trials for material synthesis or characterisation [9].

This work offers a thorough analysis of the state of the art and upcoming developments in the use of machine
learning (ML) methods in research on lithium-ion batteries (LIBs). It looks at the different uses, difficulties, and
possibilities that machine learning offers in this area.

. Chapter 1 provides an overview of LIBs, machine learning principles, and how ML advances LIB
research.

The use of machine learning (ML) in battery material design and optimization, production process improvement,
in-service performance enhancement, and end-of-life recycling facilitation is the main topic of Chapter 2.
Additionally, it examines how ML approaches are widely used in LIB research to forecast important metrics
including State of Charge (SOC), State of Health (SOH), and Remaining Useful Life (RUL).

. Chapter 3 discusses the challenges faced when integrating ML into LIB research. Key issues covered
include the interpretability and explainability of models, the black-box nature of many ML algorithms,
computational complexity, and challenges related to data availability. The chapter also delves into data bias and
suggests potential solutions to overcome these obstacles.

. Chapter 4 examines emerging trends and future directions in the field. Topics include the development
of more accurate ML models, the integration of first-principles models with machine learning, the utilization of
big data, self-improving models, and addressing gaps in understanding micro-level behaviors and
micromechanics.

. The applications, difficulties, gaps in knowledge, and prospects for machine learning (ML) in lithium-
ion battery (LIB) research are covered in detail in the four chapters that make up this study. This work intends to
highlight the advantages of applying ML to LIB research and demonstrate its potential to speed up the
development and improvement of lithium-based materials and technologies, despite the limitations of previous
literature reviews on the subject.

The paper makes three primary contributions:

1. A comprehensive review of recent advances in ML techniques for LIB research, covering developments
up to June 2023, with a focus on practical applications and outcomes.

2. An in-depth exploration of key research challenges in the field, identifying existing knowledge gaps.

3. Practical insights and findings that offer valuable resources for researchers and industry professionals,
aiding the advancement and optimization of lithium-based systems.

This study offers a more thorough examination of the most recent trends, difficulties, and opportunities than earlier
research that primarily focused on the use of machine learning (ML) in lithium-ion battery (LIB) research. It
particularly discusses topics that are frequently missed in the body of current literature, like the increasing
significance of methods like N-Shot Learning and their possible influence on the discipline. Furthermore, by
exploring the difficulties and potential paths for incorporating machine learning into LIB research, this study
closes current knowledge gaps.
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To summarize, our manuscript sets itself apart from previous recent reviews by providing a distinctive
synthesis of the existing literature, emphasizing new research directions, addressing current debates, and
embracing a multidisciplinary viewpoint. Apart from augmenting our comprehension of machine learning
implementations in LIB research, this work offers significant pragmatic perspectives to assist specialists in the
domain in completely realizing the possibilities of these cutting-edge methodologies.

1. RESEARCH ON LITHIUM-ION BATTERIES USING MACHINE LEARNING

Researchers can now improve performance evaluation, optimization, material design, and production
processes, among other phases of the battery lifecycle, thanks to machine learning approaches. With an emphasis
on crucial stages with design, manufacturing, operational service, and end-of-life stages, Figure 3 offers a concise
and unambiguous review of machine learning (ML) applications across the whole lifecycle of lithium-ion batteries
(L1Bs) and an overview of existing techniques. A number of instances of machine learning's application in LIB
research at these distinct stages are also shown in the image.
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Figure. 2 LIB lifecycle research strategy and main applications of ML in LIB research

The authors are discussed about machine learning algorithms to leverage data-driven strategies in tracking the
advancements of LIB technology throughout its full lifecycle. For example, Hsu et al. successfully used neural
networks (NN) to predict the Remaining Useful Life (RUL) and State of Health (SOH) of LIBs.

Metrics such as State of Health (SOH), State of Charge (SOC), and Remaining Useful Life (RUL) play a
crucial role at different stages of the LIB lifecycle. Their significance in each phase is shown in Table 1. Generally,
SOH, SOC, and RUL are most commonly applied for continuous monitoring, management, and decisions related
to the battery's end of life during its operational phase, though they are also influenced by the initial design
specifications. These metrics are important throughout the entire lifecycle of the battery, extending beyond just
the design phase.

Table 1 Relationship between State of health, State of charge, and remaining useful life metrics and each one
of the LIB lifecycles phases

Cycle phases of LIB Metrics

Design phase SOC: Although this metric is not heavily focused on during the design phase, it
plays a significant role in how it is managed and optimized through battery
management systems.

SOH and RUL: The overall strength and lifespan of the batteries are heavily
influenced by design choices, such as material selection and cell configuration.
These design decisions affect the rate of degradation and set the initial SOH, which
in turn influences the predictions for RUL. By optimizing the design to enhance
performance and durability throughout the battery's lifecycle, both SOH and RUL
can be improved.
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Manufacturing phase The initial SOH can be affected by the quality of manufacturing, although at this
stage, SOC, SOH, and RUL are typically not monitored directly. However, any
manufacturing defects could influence these parameters as the battery progresses
through its lifecycle.

Service phase Since it determines the battery's current charge level, which is crucial for
operational management, SOC is continuously checked.
SOH: 1t is difficult to determine the battery’s longevity and efficiency during the
service phase. It displays the battery's present condition and related to ideal state.
Because it predicts the battery's remaining life based on historical data and usage
trends, RUL is also crucial [12].

Last phase SOH determines the battery replacement time from its primary application RUL:
At this point, RUL would confirm that the product's useful life was drawing near,
which  would support decisions about recycling or reuse [13].
SOC: This stage is less important than earlier operational phases. The main cause
of this is a change in focus toward ensuring batteries to be replaced. Batteries must
be drained to acceptable levels before being disposed of in order to prevent any
issues related to excessive charge states, such as fire hazards [14].

Therefore, machine learning techniques for predicting SOH, SOC, and RUL can be applied at any stage of the
LIB life cycle.

11.DESIGN

Evolved lithium-ion battery (LIB) development has evolved thanks in large part to machine learning (ML).
Beyond the conventional strategy of only using ML for data pattern identification to speed up scientific
investigations, Researchers have combined the information with the machine learning and physics equations to
reveal factors driving the design of LIB [15].

A. Enhancing Battery Materials and Design

Many aspects of battery performance, longevity, and safety have been enhanced through the use of machine
learning (ML). It advances our knowledge of new chemicals, materials, and cell structures [17]. For instance, by
automating the creation of equation components and reducing the number of possible permutations to millions,
machine learning (ML) has been used to improve the accuracy of battery life predictions by finding a model that
balances prediction accuracy with ease of use. Additionally, using quantitative microscope analysis, ML has
enabled the creation of three-dimensional maps of the orientation and shape of sub-particle grains. Using a mix
of machine learning (ML) and electron backscatter diffraction (EBSD) techniques, this is a ground breaking
accomplishment in modelling and reproducing dynamic events inside individual electrode particles [18].

The study by Naha et al., which apply the supervised learning algorithm to identify internal short circuits in
LIBs, is another such. They found and retrieved a set of characteristics that describe how a Li-ion cell behaves
when it has a short circuit problem. By creating internal shorts through mechanical abuse, a training feature set
was created that simulated real-world situations in both cases with and without external short-circuit resistance
across the battery terminals. They trained a random forest classifier algorithm with this data set, and on the testing
dataset, they were able to detect faults with an accuracy of at least 97% [19].

The microstructure of a composite electrode greatly affects the charging and discharging operation of
individual LIB particles. The spatial distribution of components such the carbon matrix, vacancies, active
particles, and binder may provide insight into the underlying causes of electrode deterioration. Ji and colleagues,
for instance, used ML-assisted statistical analysis in combination with experiment-based mathematical modeling
to investigate the electrochemical effects of the dynamic attachment and de-attachment of LIB particles to the
conductive matrix [20].
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B. Stability and Design of Lithium Metal Anodes

Several innovative methods to increase the stability and security of lithium metal employed as an anode have
been reported. For instance, Ahmad et al. developed a computational screening technique for inorganic solid
electrolytes using machine learning techniques with the goal of preventing dendritic formation in lithium metal
anodes. By anticipating the characteristics of solid electrolytes and finding structure-property correlations, their
method expedited the screening process [21].

A machine learning model was also developed by Kim et al. to improve the electrolyte design procedure for
lithium metal anodes. This model revealed a hitherto undiscovered fact: cyclability can be greatly enhanced by a
low solvent oxygen level [22].

C.ML Techniques for Battery Performance Prediction

To maximize the efficiency of lithium-ion batteries (LIBs) and facilitate their integration into various
applications, it is essential to accurately predict their behaviour and performance. Machine learning (ML)
approaches can be used to properly forecast and assess battery performance. Machine learning (ML) may now be
used to determine the State of Charge (SOC), State of Health (SOH), and Remaining Useful Life (RUL) of LIBs
[23].

Data-driven modelling is the process of training an ML system to predict the future behaviour of LIBs using
real-time data, historical data, or a combination of both [24]. One of the primary uses of machine learning in LIB
research is the prediction of SOC, SOH, and RUL. Table 1 in Section 2 provides an overview of a number of
machine learning models developed for specific purposes, such as RUL, SOC, and SOH estimation.

D. Characterization of Battery Materials

While most machine learning research concentrates on determining the State of Charge (SOC), State of Health
(SOH), and Remaining Useful Life (RUL) of lithium-ion batteries (LIBs), fewer studies look at the
characterization of battery materials. Bhowmik et al. described the Solid Electrolyte Interphase (SEI) creation in
batteries using a semi-supervised generative deep learning model as an illustration of a mechanism-based
methodology for material characterization. Furthermore, Zhang used machine learning approaches to examine
LIB degradation trends using data from impedance spectroscopy, providing important new information on the
mechanisms underlying battery deterioration [25].

E. Manufacturing

At several phases of the production of lithium-ion batteries (LIBs), including electrode fabrication, cell
assembly, finishing, assessment, and screening, machine learning (ML) approaches have been applied. With
remarkable precision and low processing requirements, these techniques offer a non-invasive way to simulate and
optimize technical difficulties in LIB manufacture.

For example, Drakopoulos et al. used machine learning to construct graphite-based anode electrodes. Using
an ML model trained on a dataset of input and output variables, they found a relationship between production
processes and the subsequent electrochemical activity and cycle life parameters. Their capacity to predict and
enhance the formulation and production process led to the creation of thick graphite-based electrodes with a high
coat weight [26].

In a different study, an ensemble learning framework for classifying electrode quality during LIB manufacture
was presented, utilizing the RUBoost technique. This framework effectively categorized three crucial quality
parameters for electrodes based on LiFePO4 and Li4Ti5012: (1) electronic conductivity, (2) width, and (3) half-
cell capacity. The models developed in this framework addressed issues of class imbalance and accurately
predicted the characteristics of the generated electrodes [27].

F. Support

Because machine learning models work so well, researchers have used them to improve the effectiveness of
lithium-ion battery (LIB) services.
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G.Lithium-ion battery modelling, optimization, and management

Battery cells can be tailored to maximize energy or power, depending on the use case. Batteries with thinner
electrodes are intended for improved power delivery, whilst those with larger electrodes offer greater capacity.
Optimization approaches, including the progressive quadratic response surface method, have been used to fine-
tune the design factors of current electrode materials in order to increase LIB power and capacity [27].
As previously mentioned, researchers have applied a variety of machine learning algorithms in the area of LIB
defect identification and diagnosis. [28]. By assisting in the methodical identification and examination of flaws,
these models help to improve the efficiency and dependability of lithium-ion batteries.

H. Prediction of battery discharging using machine learning

For the precise, efficient, and trustworthy prediction of battery degradation in lithium-ion batteries (LIBS),
machine learning algorithms have gained popularity. For instance, by integrating electrochemical impedance
spectroscopy (EIS) with a Gaussian process machine learning model, researchers have developed a reliable battery
performance predicting system [29]. This technique uses the entire EIS range as input data to automatically
identify the spectral characteristics linked to degradation.

Estimating the Remaining Useful Life (RUL) of LIBs and predicting battery deterioration using deep extreme
learning is another important application [30]. These cutting-edge machine learning approaches enhance the
management and performance of lithium-ion batteries by improving the detection of early degradation indicators.

I. ML in Lithium - lon Battery Recycling

Lithium recycling is made much more efficient by using machine learning techniques. Waste can be reduced
and material recovery increased by forecasting battery lifespan and streamlining the recycling procedure. For
instance, scientists have used data-driven machine learning to forecast solid-state battery lifespan, providing a
novel method to batch classification, echelon use, and battery recycling [31].

The longevity of solid-state batteries can be accurately predicted using machine learning techniques [32].
Furthermore, garbage generation at the municipal level has been successfully predicted using techniques like
random forests and artificial neural networks (ANN).

Furthermore, by forecasting the ideal circumstances for every step of the recycling process, machine learning
may optimize it, increasing the yield of recovered materials and lowering the energy needed for recycling [33].
Additionally, machine learning can identify impurities in recycled materials and forecast how they will affect
performance of the battery.

IV.CHALLENGES

Before the previously described machine learning applications are applied in LIB research, a number of
challenges and research gaps need to be addressed. Multidisciplinary and all-encompassing approaches that
consider the technical and financial aspects of LIB studies are required to overcome these obstacles.

A. Data Availability

The effective use of machine learning techniques to forecast LIB characteristics depends on the availability
of high-quality data. One of the biggest challenges of using machine learning to LIB research is the absence of
reliable battery data. This lack of data, which continues to be a major obstacle in the field of battery informatics,
is being aggressively addressed by researchers. For instance, information about LIB recycling is very complex
and challenging to find. Comparing and validating models is made more difficult by variances in recycling
producers,  variations in  recycling techniques, and  various  experimental sets  [29].
As discussed in Section 4.1, techniques like incorporating transfer learning and using domain knowledge may
offer workable answers to the problem of data scarcity.

B. Challenges in Data Pre-processing and Cleaning

Any machine learning effort must overcome the fundamental challenges of data pre-processing and cleansing.
These procedures entail finding and fixing mistakes, discrepancies, and missing information in addition to
converting the data into a format that machine learning algorithms can use. Additionally, they may include
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lowering the dimensionality of the data or producing new features from existing ones. Poor data quality can result
in inaccurate predictions, which can reduce machine learning models' efficacy.

Since the successful implementation of machine learning algorithms in LIB research depends on data
preparation, researchers have been concentrating on building well-structured datasets. A pre-processed dataset of
lithium-ion conductors and their conductivities, for example, was put together by Hargreaves et al. and is
accessible to the larger scientific community. This dataset offers information on the chemical makeup, ionic
conductivity at a given temperature, and a structural label that goes with it. It saves a great deal of time and work
for experimental researchers by allowing them to rank materials for additional investigation as lithium-ion
conductors.

C. Limited Sample Size

In LIB research, particularly when exploring new materials or designs, researchers frequently deal with a small
number of samples. This limited sample size can cause overfitting in machine learning (ML) models, where the
model may end up learning noise instead of identifying the actual underlying patterns in the data. For instance,
Zhang et al. faced challenges in predicting the remaining useful life (RUL) of LIBs due to the small sample size.
To mitigate the overfitting issue, they implemented a dropout strategy.

D. Computational Complexity

The requirement for models that are both highly precise and computationally efficient, able to execute real-
time state and parameter predictions, is a major obstacle when using machine learning (ML) approaches to LIB
research. Artificial neural networks (ANNS) and other machine learning models frequently have millions or even
billions of parameters, which adds significantly to processing and memory requirements. This difficulty may result
in lengthy training sessions and significant energy usage. Achieving real-time, low-latency processing while
preserving model performance and accuracy is also crucial. Methods to increase model efficiency without
increasing the computing load are being researched. To reduce the computational cost for state of charge (SOC)
predictions, for example, Lucchetta employed a Nonlinear Auto Regressive model with eXogenous input, using
only one hidden layer and a small number of neurons.

E. Extension of the Model

Generalization is the ability of a trained model to generate accurate predictions on new or untested data [65].
A number of variables, including temperature, discharge rate, and cycling techniques, affect LIB performance.
The architecture and training process of the model must be carefully planned in order to achieve effective
generalization across these disparate conditions. Zhang et al., for example, proposed a deep learning model
specifically created to address the challenges of generalization while estimating LIB lifetime. Similarly, to
improve the accuracy of lithium-ion cell lifespan predictions, Schofer et al. used a machine learning framework
[35].

F. Explainability, Interpretability, and Black-Box Features of ML Models

The black-box aspect of some machine learning models is a significant problem since it frequently leads to a
lack of interpretability and explainability. Intricate and non-linear patterns result from this complexity, which
makes it challenging to evaluate and comprehend the internal procedures and decision-making mechanisms. This
opacity raises questions about the decision-making process since it prevents a thorough knowledge of LIB
behavior and restricts the capacity to determine the relationships between input variables and model outcomes.
Although these models are capable of making precise predictions, their use in scientific research is limited because
of their frequently ambiguous internal mechanisms [36].

For machine learning models to be utilized in scientific research, interpretability and explainability are crucial
characteristics. They boost prediction confidence, point up unanticipated correlations that could provide new
scientific discoveries, and assist in identifying possible problems or model constraints. However, because ML
models are complicated and frequently require uncertainty estimates to provide accurate explanations, establishing
interpretability can be challenging [37]. Furthermore, measuring and spreading uncertainty among the models is
crucial for evaluating prediction accuracy and drawing well-informed judgments. For instance, Hargreaves et al.
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calculated prediction errors and used a histogram to display the distribution of those errors in order to address the
challenge of displaying material data [38].

G. Tackling the Black-Box Nature of ML Models

Uncertainty quantification is a crucial strategy for lowering the black-box nature of machine learning models
and enhancing their interpretability and explainability. However, in the context of LIB research, this appears to
be very challenging. Battery systems inherently display variability, which makes it crucial to account for
uncertainty in model predictions for risk assessment and decision-making. Uncertainty quantification techniques
are essential for minimizing the effects of these uncertainties during the optimization and decision-making
processes. Unfortunately, the limited explainability of certain machine learning models, like artificial neural
networks (ANNS), has restricted their use in safety- and quality-critical applications. To overcome this challenge,
Zhang et al. developed methods to improve the explainability of ANN models by incorporating frameworks based
on uncertainty quantification.

Additionally, methods like explainable or interpretable machine learning (XML/IML) can be employed to
enhance interpretability. Faraji et al. presented an extensive review of XML/IML methods specifically in the
context of LIB research. The current interpretive gap limits the practical use of actionable insights and makes it
challenging to draw meaningful conclusions from model outputs. Although the significance of interpretability and
explainability in data analysis is not yet fully recognized in LIB research, it is expected that more researchers will
prioritize this aspect in upcoming studies.

H. Scalability of Machine Learning Algorithms for Large Datasets

The concept of scalability, which defines a system's capacity to effectively handle a growing workload or data
volume without compromising performance, is a significant challenge in LIB research when applying machine
learning techniques to large datasets. The vast amounts of data produced through experimental and computational
studies demand algorithms that can process high volumes, speeds, and diverse information efficiently. However,
conventional machine learning models often struggle with scalability, leading to increased computation times and
resource demands as datasets expand [42].

To tackle this issue, scalable machine learning methods tailored for handling large-scale data in LIB research
have been introduced. Addressing scalability challenges is essential for traditional machine learning models to
harness the full potential of extensive datasets. For example, Roman et al. developed data-driven models capable
of efficiently estimating the state of health (SOH) of batteries and emphasized the significance of incorporating
confidence intervals into their predictions [43].

I. Bias in Data Collection

The term "data bias" describes systemic errors seen in datasets, which frequently arise from the complex
interactions of multiple variables that influence the properties of battery materials [44]. Numerous factors across
multiple length scales, including structural, microstructural, and electrical variables, affect these properties.

A solid electrolyte's crystalline structure and chemical composition have a significant impact on its
conductivity at the atomic level. At larger scales, conductivity is greatly influenced by elements including particle
size, shape, and arrangement within the microstructure. Conductivity is further impacted at the battery cell level
by the electrolyte-electrode interaction and the development of an interfacial layer [45]. Even for materials of the
same composition, these interactions can lead to significant variation in conductivity readings. For example, the
conductivity of garnet LisLasTa2012 can differ by up to two orders of magnitude—from 10 to 10* S cm™'—
depending on the synthesis conditions and processing temperatures.

This intricacy emphasizes the necessity of expanding data labelling initiatives to incorporate details on
synthesis, processing, and characterisation in addition to fundamental material attributes. However, the fact that
not all data sources automatically offer thorough material characterizations is a considerable challenge. Even when
comprehensive information is available, it can be difficult to establish precise connections between material
attributes and their characterizations, necessitating a careful review of lengthy publications. The substantial cross-
referencing and co-referencing required across different data sections makes the transition from human-readable
to machine-readable forms even more difficult.
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A canonical ontology for materials synthesis has been proposed as a solution to this problem, which includes
a regulated vocabulary and specifies a restricted number of linkages between ideas to enhance accessibility and
consistency of data [46].

J. Anthropogenic Bias

Anthropogenic bias refers to the influence of human activities on natural systems, which can lead to distortions
in datasets, models, and systems. For instance, datasets compiled by humans may unintentionally reflect the
perspectives, preferences, and assumptions of those involved in data collection. Researchers often prioritize
reporting significant results and studying systems with higher chances of success, which can result in the
overrepresentation of certain topics while less favourable or inconclusive outcomes are underreported in the
scientific literature [47].

In reality, only a small fraction of material space is likely to possess unique functionalities. Nonetheless,
negative results—frequently overlooked in publications—can play a crucial role in enhancing machine learning
(ML) models by promoting the exploration of underrepresented regions. The performance of ML models can be
severely hampered when sampling is impacted by anthropogenic bias because the generated data does not
adequately reflect the underlying distribution. Addressing anthropogenic bias significantly increased model
accuracy and sped up the discovery of new materials, according to a study that compared machine learning models
trained on human-curated, biased response datasets with those trained on unbiased, randomly created reaction
datasets for the synthesis of amine-templated metal oxides [48].

K. Steering Clear of Bias

Complete transparency about the quantity and quality of data is necessary to maintain the reliability of
modelling results while reducing anthropogenic and data bias. Nevertheless, evaluating the number and quality of
datasets can be difficult and subjective, frequently influenced by the particular applications and machine learning
(ML) methods used. Thus, data quantity and quality should not be the only criteria for evaluating and reporting
ML research. It is equally critical to promote open access to public datasets and disclose the methodologies used
in data collection and pre-processing.

A thorough set of rules for reporting machine learning models was put forth by Artrith et al. in a recent work
[49]. These recommendations emphasize how crucial it is to describe data cleaning procedures, assess preparation
attempts, describe all data sources, and record data selection tactics, including version numbers and access dates.
They seek to set high standards for data reporting methods by suggesting a comprehensive checklist for reporting
and assessing ML models in materials research [50].

To maximize the impact of insights from published synthesis methods and build a cohesive knowledge base
in materials synthesis, the research community must embrace enhanced communication practices. This shift could
be one of the most effective means of mitigating data bias.

L. Multidisciplinary Character

A major interdisciplinary problem in lithium-ion battery (LI1B) development is integrating machine learning.
Effective application of ML approaches necessitates knowledge from a variety of disciplines, including
engineering, data science, materials science, and electrochemistry. Strong collaboration between different
disciplines is essential for the advancement of the field as a whole, notwithstanding the complexity of this
integration [51].

V. UPCOMING TRENDS

Even though machine learning has advanced significantly in LIB research, there are still significant knowledge
gaps. To guarantee the long-term growth and efficacy of Al-driven systems in LIB-related fields, these
deficiencies must be filled. These gaps are examined and possible future trends are outlined in the section that
follows.

A. ML Methods for Small Datasets

The amount of data that is accessible in research on lithium-ion batteries (LIBs) can vary greatly; certain
sectors have access to large datasets, while others are constrained by a lack of data. The main causes of this
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heterogeneity are the high expenses and duration of testing, the requirement for specialist equipment, and the
length of time needed for some studies. The number of datasets that may be produced is limited since, for instance,
a battery deterioration reliability test usually involves more than six months of continuous cycling and necessitates
large expenditures for equipment such as multi-channel cyclers, potentiostats, and thermal chambers [52].

In such cases, machine learning (ML) methods designed for small datasets are incredibly valuable. Techniques
such as Ensemble Learning, Imbalance Undersampling/Oversampling, N-shot Learning, Transfer Learning, and
Asymmetric Loss Functions prove particularly effective in these settings. These strategies allow researchers to
gain meaningful insights and make accurate predictions, even when data is scarce. For instance, Zhang et al.
addressed the problem of limited degradation data by estimating the state of health (SOH) of lithium-ion batteries
using N-shot learning, similar to this, Ma et al. used Transfer Learning to accurately forecast LIBs' health state
[53].

Few-shot learning has also seen increasing use in various areas of LIB research, particularly in predicting
battery lifetimes. For instance, Tang et al. applied ML techniques to detect anomalies in LIB lifetime predictions
based on a small dataset of first-cycle aging data. The success of these methods highlights the importance of
further exploration into optimizing the use of limited datasets in LIB research.

B. ML Methods for Large Datasets

Large volumes of operational data have been produced as a result of the widespread use of lithium-ion batteries
(LIBs) in EV fleets. This data presents significant potential to enhance LIB design, manufacturing, and
performance when sent to the cloud on a daily basis. Ongoing optimization and learning are fostered by the
constant creation of machine learning models made possible by cloud computing, which is backed by server farms
[54].

In addition, progress in measurement technologies is driving high-throughput experiments, which are
increasing the volume of big data in the field. By applying the results from these experiments to make real-time
decisions—such as identifying the next materials to synthesize and test—data generation will accelerate, further
enhancing the efficiency of LIB research [55].

Future studies are therefore anticipated to be crucial in fields with huge datasets. Using methods like artificial
neural networks (ANNS), these research projects will concentrate on creating machine learning algorithms
especially made to manage bigger datasets. An outline of the three main approaches to tackling the big data
difficulties in future research is provided in the section that follows.

C. Architectures for Deep Learning.

Artificial neural networks with several hidden layers are used in deep learning, a branch of machine learning,
to process complicated data and extract detailed features [93]. Because it offers improved accuracy and efficiency,
its application in lithium-ion battery (LIB) research is growing [56]. For example, volumetric pictures of LIB
electrodes have been segmented accurately and consistently using deep learning-based segmentation approaches.
Researchers can improve accuracy, efficacy, and understanding of the intricacies of LIB systems by utilizing
developments in deep learning architectures. But as noted in Section 3.4, computational difficulties still pose
difficulties.

D. Optimizing with Reinforcement Learning

A subfield of machine learning called reinforcement learning (RL) uses feedback loops to train algorithms
and has a lot of promise for improving lithium-ion battery (LIB) systems. Among machine learning techniques,
reinforcement learning (RL) is notable for its wide range of applications in LIB research, since studies have shown
that it can increase the efficacy and efficiency of LIB-related research. For instance, Mishra et al. improved the
accuracy and effectiveness of machine learning models utilized in LIB research by optimizing LIB performance
using RL techniques [57].

RL has been utilized in several key areas, such as LIB system control, resource allocation optimization, and
battery management.
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E. Active Education

A state-of-the-art machine learning method with significant room for advancement is active learning. In order
to create a highly effective classifier, it focuses on choosing the most important data points while minimizing the
size of the training dataset. In lithium-ion battery (LIB) research, where data collecting and labelling can be
expensive and time-consuming, active learning algorithms are especially helpful since they reduce the need for
large labelled datasets by focusing on the most informative data for labelling [58].

Active learning optimizes experimental design, improves battery performance, and expedites the discovery of
novel materials. By carefully choosing samples for labelling, researchers can make predictions more quickly and
accurately by concentrating on the data points that have the best chance of enhancing model performance [59].

As demonstrated by applications like testing novel functional materials for lithium solid-state electrolytes, the
integration of active learning into LIB research has significantly improved the precision and effectiveness of
machine learning models [9, 52].

Numerous cutting-edge methods based on machine learning (ML) models have been put forth to enhance
battery estimation and modelling. The goal of deep learning techniques like feedforward neural networks and
nonlinear autoregressive models with exogenous inputs is to provide effective online methods for predicting state-
of-charge (SOC) and modelling lithium-ion batteries (LIBs). These techniques have demonstrated rapid
convergence and high accuracy in LIB cell simulations. Also, asymmetric depth encode-decode convolutional
neural networks (CNNSs) are being used to real-world battery material datasets, demonstrating great accuracy with
less labelled data while processing billions of voxels in just a couple of minutes.

Physics-informed neural networks (PINNs) merge physics-based battery models with machine learning,
utilizing the strengths of both to enhance performance. These models are highly effective in estimating state-of-
charge (SOC), achieving a root mean square error between 0.014% and 0.2%, and state-of-health (SOH), with
error margins from 1.1% to 2.3%, even with limited training data.

In reinforcement learning, deep reinforcement learning (RL) methods help estimate the stoichiometric range
of lithium-ion batteries (LIBs), refining current input profiles with better identifiability under varying initial SOC
conditions. Entropy-based RL methods predict the battery's next-cycle capacity with high accuracy by
incorporating historical data, outperforming two other data-driven techniques. Additionally, deep RL models are
applied to optimize battery energy arbitrage, taking into account precise battery degradation models to improve
charging and discharging strategies.

Addressing Gaps in Understanding Micro-Mechanics and Micro-Behavior

A critical obstacle in lithium-ion battery (LIB) research is the limited understanding of micro-level behaviours
and mechanics. While data-driven methods are widely utilized, they often fail to account for the fundamental
mechanical principles of the system. Batteries are inherently complex, featuring nonlinear interactions among
numerous components. Significant uncertainties persist regarding the mechanisms that drive various
electrochemical processes within these systems [60]. Delving into these internal processes can help optimize
testing methodologies and facilitate the extraction of valuable insights from the intricate interplay of multiple
factors. Future research is expected to explore the micro-level behaviours and mechanics of LIBs, leveraging
advanced machine learning approaches to unravel their interactions.

F. Self-Improving Algorithms or Models in Ongoing Development

A critical obstacle in lithium-ion battery (LIB) research is the limited understanding of micro-level behaviours
and mechanics. While data-driven methods are widely utilized, they often fail to account for the fundamental
mechanical principles of the system. Batteries are inherently complex, featuring nonlinear interactions among
numerous components. Significant uncertainties persist regarding the mechanisms that drive various
electrochemical processes within these systems [60]. Delving into these internal processes can help optimize
testing methodologies and facilitate the extraction of valuable insights from the intricate interplay of multiple
factors. Future research is expected to explore the micro-level behaviours and mechanics of LIBs, leveraging
advanced machine learning approaches to unravel their interactions.
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and mechanics. While data-driven methods are widely utilized, they often fail to account for the fundamental
mechanical principles of the system. Batteries are inherently complex, featuring nonlinear interactions among
numerous components. Significant uncertainties persist regarding the mechanisms that drive various
electrochemical processes within these systems [60]. Delving into these internal processes can help optimize
testing methodologies and facilitate the extraction of valuable insights from the intricate interplay of multiple
factors. Future research is expected to explore the micro-level behaviours and mechanics of LIBs, leveraging
advanced machine learning approaches to unravel their interactions.

G. Integrating Machine Learning with First-Principles Models

In the field of lithium-ion battery (LIB) research, the integration of machine learning (ML) with first-principles
models is becoming acknowledged as a revolutionary approach. The understanding and optimization of LIB
systems could be greatly improved by this hybrid method. Researchers can create models with increased accuracy,
interpretability, and generalizability by incorporating the underlying ideas and governing equations of LIB
behaviour into machine learning frameworks.

Physics-based models provide a strong basis for investigating the core mechanisms and interactions in lithium-
ion battery (LIB) systems [5]. Integrating these models with machine learning algorithms enables the use of data
to represent intricate nonlinear behaviours, thereby improving predictive accuracy and optimizing battery
performance [62]. This combined approach addresses critical challenges, including limited data availability and
the opacity of models driven solely by machine learning—issues discussed in detail in Chapter 3. By harnessing
the advantages of first-principles modelling alongside machine learning, researchers can achieve a deeper and
more holistic understanding of LIB dynamics.

H. Hybrid Models for Enhanced Interpretability and Accuracy

There are several chances to improve performance and accessibility in lithium-ion battery (LIB) research by
using hybrid models that blend machine learning methods with physics-based concepts. These models offer
physics-based insights about LIB behaviour by combining domain-specific knowledge with data-driven
methodologies.

For instance, researchers have developed hybrid models that integrate feedforward artificial neural networks
(ANNs) with thermal dynamics and single-particle models, enabling precise LIB simulations. Such models can
accurately predict voltage across different charge/discharge rates (C-rates) and effectively assess battery health
throughout its lifecycle [63].

Additionally, by using feature engineering and domain expertise to incorporate pertinent physical and
chemical features of lithium systems, hybrid models' predictive potential can be increased. More precise forecasts
and useful insights are produced by this method [64]. By combining these components, hybrid models enhance
performance and encourage transparency, which aids researchers in comprehending the reasons behind LIB
behaviour.

I. Knowledge Transfer and Learning

Research on lithium-ion batteries (LIBs) could be greatly advanced by transfer learning, a machine learning
technique that applies information from one field to another [65]. Transfer learning can decrease the quantity of
data required to train models on new battery systems by utilizing insights from a source battery with a sizable
dataset [65]. This method has chances to enhance machine learning models' precision and effectiveness in LIB
health management [48].

For instance, even in situations when discharge protocols are not readily observable, Ma et al.'s transfer
learning architecture may provide real-time, customized health predictions for batteries throughout charge-
discharge cycles [48]. In a similar vein, Zhou et al. used transfer learning to assess the state of health (SOH) of
batteries by utilizing shared feature canonical variates to assist knowledge transfer and a source model trained on
large amounts of deterioration data [66].
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However, it's crucial to recognize that other methods may offer superior results. For instance, a study
employing Matrix Profile Empowered Online Knee Onset Identification showed better performance compared to
the transfer learning approach [67].

In general, knowledge transfer techniques can improve the efficiency and predictive power of models applied
to different lithium systems. In lithium-ion battery (LIB) research, these methods can accelerate the creation of
reliable and accurate predictive models by leveraging data from related domains or datasets, presenting valuable
opportunities to enhance machine learning performance [68].

VI. CONCLUSION

The revolutionary effect of machine learning (ML) in tackling important issues in lithium-ion battery (LIB)
optimization is highlighted by this work. Exploration of chemical compositions, formulations, and operating
conditions can be accelerated by using machine learning approaches to significantly reduce time-consuming
testing and calculations. This approach reduces development times while also identifying critical elements
impacting battery performance.

Researchers looking to use machine learning to LIBs can benefit greatly from the study's conclusions.
Significant advancements have been made across the whole LIB lifecycle, from micro-level mechanisms to
macro-level operations, even if there are still obstacles to overcome. In order to recognize significant features,
comprehend behaviours, optimize parameters, evaluate operational conditions, and forecast cycle life, machine
learning techniques are essential. There is a great deal of hope for the future of data-driven LIB research,
particularly in fields like safety, health, cost-efficiency, and environmental sustainability, given the progress done
thus far and the fundamental breakthroughs reached.

This study's exploration of the possibilities and difficulties of incorporating machine learning (ML) into LI1B
research is one of its main contributions. In addition to pointing out existing obstacles, it suggests fresh ideas for
applying ML to advance the discipline. With a focus on topics like enhancing comprehension of micro-level
behaviours and mechanics, creating self-improving models, creating frameworks for both large and small datasets,
fusing first-principles models with machine learning, and developing hybrid models, transfer learning, and
information transfer, the roadmap offered in this study provides strategies for overcoming these obstacles and
promoting innovation.

This work advances our present knowledge of LIB research and opens new avenues for investigation. It
establishes the foundation for a future in which ML-driven methodologies will transform the optimization and
research of LIBs. We think our effort will stimulate more theoretical, practical, and research improvements by
providing important insights and useful advice for academic scholars and industry personnel. We are getting closer
to achieving more sustainable and effective energy solutions by we continue to expand our knowledge and use of
ML in LIBs.

REFERENCES:

[1] Cao, Wenzhi, Jiang-Wen Xiao, Shi-Chang Cui, and Xiao-Kang Liu. "An efficient and economical storage
and energy sharing model for multiple multi-energy microgrids." Energy 244 (2022): 123124.

[2] Kwak, Won-Jin, Rosy, Daniel Sharon, Chun Xia, Hun Kim, Lee R. Johnson, Peter G. Bruce et al. "Lithium—
oxygen batteries and related systems: potential, status, and future." Chemical Reviews 120, no. 14 (2020):
6626-6683.

[3] Zdeborovi, Lenka. "New tool in the box." Nature Physics 13, no. 5 (2017): 420-421.

[4] Ahmad, Zeeshan, Tian Xie, Chinmay Maheshwari, Jeffrey C. Grossman, and Venkatasubramanian
Viswanathan. "Machine learning enabled computational screening of inorganic solid electrolytes for
suppression of dendrite formation in lithium metal anodes." ACS central science 4, no. 8 (2018): 996-1006.

[5] Liu, Kailong, Yujie Wang, and Xin Lai. Data science-based full-lifespan management of lithium-ion battery:
manufacturing, operation and reutilization. Springer Nature, 2022.

[6] Friedman, Jerome. "The elements of statistical learning: Data mining, inference, and prediction.” (No
Title) (2009).

[7]1 Liu, Zhu, Philippe Ciais, Zhu Deng, Ruixue Lei, Steven J. Davis, Sha Feng, Bo Zheng et al. "COVID-19
causes record decline in global CO2 emissions." arXiv preprint arXiv:2004.13614 (2020).

54



J. Electrical Systems 21-01 (2025): 41-57

[8] Goodenough, John B. "Rechargeable batteries: challenges old and new." Journal of Solid State
Electrochemistry 16 (2012): 2019-2029.

[9] Tiseo, I. Historical carbon dioxide emissions from global fossil fuel combustion and industrial processes
from 1750 to 2020. 2021.

[10] Bresser, Dominic, Kei Hosoi, David Howell, Hong Li, Herbert Zeisel, Khalil Amine, and Stefano Passerini.
"Perspectives of automotive battery R&D in China, Germany, Japan, and the USA." Journal of Power
Sources 382 (2018): 176-178.

[11] Zhang, Jingliang, and Jay Lee. "A review on prognostics and health monitoring of Li-ion battery." Journal
of power sources 196, no. 15 (2011): 6007-6014.

[12] Li, Naipeng, Yaguo Lei, Tao Yan, Ningbo Li, and Tianyu Han. "A Wiener-process-model-based method for
remaining useful life prediction considering unit-to-unit variability.” IEEE Transactions on Industrial
Electronics 66, no. 3 (2018): 2092-2101.

[13] Xue, Zhiwei, Yong Zhang, Cheng Cheng, and Guijun Ma. "Remaining useful life prediction of lithium-ion
batteries ~ with  adaptive  unscented kalman  filter and  optimized support  vector
regression.” Neurocomputing 376 (2020): 95-102.

[14] Zhang, Jingliang, and Jay Lee. "A review on prognostics and health monitoring of Li-ion battery." Journal
of power sources 196, no. 15 (2011): 6007-6014.

[15] Rahimi-Eichi, Habiballah, Unnati Ojha, Federico Baronti, and Mo-Yuen Chow. "Battery management
system: An overview of its application in the smart grid and electric vehicles." IEEE industrial electronics
magazine 7, no. 2 (2013): 4-16.

[16] Dai, Qiang, Jarod C. Kelly, Linda Gaines, and Michael Wang. "Life cycle analysis of lithium-ion batteries
for automotive applications." Batteries 5, no. 2 (2019): 48.

[17] Rahimi-Eichi, Habiballah, Unnati Ojha, Federico Baronti, and Mo-Yuen Chow. "Battery management
system: An overview of its application in the smart grid and electric vehicles.” IEEE industrial electronics
magazine 7, no. 2 (2013): 4-16.

[18] Lin, Qian, Jun Wang, Rui Xiong, Weixiang Shen, and Hongwen He. "Towards a smarter battery management
system: A critical review on optimal charging methods of lithium ion batteries.” Energy 183 (2019): 220-
234.

[19] Woody, Maxwell, Maryam Arbabzadeh, Geoffrey M. Lewis, Gregory A. Keoleian, and Anna
Stefanopoulou. "Strategies to limit degradation and maximize Li-ion battery service lifetime-Critical review
and guidance for stakeholders." Journal of Energy Storage 28 (2020): 101231.

[20] Liu, Jun, Zhenan Bao, Yi Cui, Eric J. Dufek, John B. Goodenough, Peter Khalifah, Qiuyan Li et al.
"Pathways for practical high-energy long-cycling lithium metal batteries." Nature Energy 4, no. 3 (2019):
180-186.

[21] Feng, X., Ouyang, M., Liu, X,, Lu, L., Xia, Y., & He, X. (2018). Thermal runaway mechanism of lithium
ion battery for electric vehicles: A review. Energy storage materials, 10, 246-267.

[22] Stepanyuk, V. S., Szész, A., Katsnelson, A. A., Trushin, O. S., Miller, H., & Kirchmayr, H. (1993).
Microstructure and its relaxation in Fe ] B amorphous system simulated by moleculular dynamics. Journal
of non-crystalline solids, 159(1-2), 80-87.

[23] Ghosh, A. (2020). Possibilities and challenges for the inclusion of the electric vehicle (EV) to reduce the
carbon footprint in the transport sector: A review. Energies, 13(10), 2602,

[24] Winter, M. (2009). The solid electrolyte interphase—the most important and the least understood solid
electrolyte in rechargeable Li batteries. Zeitschrift flr physikalische Chemie, 223(10-11), 1395-1406.

[25] Liu, K., Hu, X., Meng, J., Guerrero, J. M., & Teodorescu, R. (2021). RUBoost-based ensemble machine
learning for electrode quality classification in Li-ion battery manufacturing. IEEE/ASME transactions on
mechatronics, 27(5), 2474-2483.

[26] Luo, X.; Kang, L.; Lu, C.; Linghu, J.; Lin, H.; Hu, B. An Enhanced Multicell-to-Multicell Battery Equalizer
Based on Bipolar-Resonant LC Converter. Electronics 2021, 10, 293.

[27] Dunn, B., Kamath, H., & Tarascon, J. M. (2011). Electrical energy storage for the grid: a battery of
choices. Science, 334(6058), 928-935.

[28] Abbasi, M., & EIl Hanandeh, A. (2016). Forecasting municipal solid waste generation using artificial
intelligence modelling approaches. Waste management, 56, 13-22.

55



J. Electrical Systems 21-01 (2025): 41-57

[29] Biiker, U., Drie, S., Gotze, N., Hartmann, G., Kalkreuter, B., Stemmer, R., & Trapp, R. (2001). Vision-
based control of an autonomous disassembly station. Robotics and Autonomous Systems, 35(3-4), 179-189.

[30] Famili, A., Shen, W. M., Weber, R., & Simoudis, E. (1997). Data preprocessing and intelligent data
analysis. Intelligent data analysis, 1(1), 3-23.

[31] Schoenauer, M., Liardet, P., Collet, P., Lutton, E., & Fonlupt, C. (2004). Artificial evolution: 6th
International Conference, Evolution Artificielle, EA 2003, Marseille, France, October 27-30, 2003; revised
selected papers (p. 409). Springer.

[32] zhang, Y., Xiong, R., He, H., & Shen, W. (2016). Lithium-ion battery pack state of charge and state of
energy estimation algorithms using a hardware-in-the-loop validation. IEEE Transactions on Power
Electronics, 32(6), 4421-4431.

[33] Schoettle, B., & Sivak, M. (2018). Resale Values of Electric and Conventional Vehicles: Recent Trends and
Influence on the Decision to Purchase a New Vehicle.

[34] He, H., Zhang, X., Xiong, R., Xu, Y., & Guo, H. (2012). Online model-based estimation of state-of-charge
and open-circuit voltage of lithium-ion batteries in electric vehicles. Energy, 39(1), 310-318.

[35] He, H., Zhang, X., Xiong, R., Xu, Y., & Guo, H. (2012). Online model-based estimation of state-of-charge
and open-circuit voltage of lithium-ion batteries in electric vehicles. Energy, 39(1), 310-318.

[36] Adnan, N., Nordin, S. M., Rahman, 1., & Noor, A. (2018). The effects of knowledge transfer on farmers
decision making toward sustainable agriculture practices: In view of green fertilizer technology. World
Journal of Science, Technology and Sustainable Development, 15(1), 98-115.

[37] Hannan, M. A., Lipu, M. H., Hussain, A., & Mohamed, A. (2017). A review of lithium-ion battery state of
charge estimation and management system in electric vehicle applications: Challenges and
recommendations. Renewable and Sustainable Energy Reviews, 78, 834-854.

[38] Aggarwal, C. C., Kong, X., Gu, Q., Han, J., & Philip, S. Y. (2014). Active learning: A survey. In Data
classification (pp. 599-634). Chapman and Hall/CRC.

[39] Zhang, X., Chan, F. T., & Mahadevan, S. (2022). Explainable machine learning in image classification
models: An uncertainty quantification perspective. Knowledge-Based Systems, 243, 108418.

[40] Hesse, H. C., Schimpe, M., Kucevic, D., & Jossen, A. (2017). Lithium-ion battery storage for the grid—A
review of stationary battery storage system design tailored for applications in modern power
grids. Energies, 10(12), 2107.

[41] Jordan, M. I, & Mitchell, T. M. (2015). Machine learning: Trends, perspectives, and
prospects. Science, 349(6245), 255-260.

[42] Robertson, A. D., West, A. R., & Ritchie, A. G. (1997). Review of crystalline lithium-ion conductors suitable
for high temperature battery applications. Solid State lonics, 104(1-2), 1-11.

[43] Tversky, A., & Kahneman, D. (1974). Judgment under Uncertainty: Heuristics and Biases: Biases in
judgments reveal some heuristics of thinking under uncertainty. science, 185(4157), 1124-1131.

[44] Han, R., Ketkaew, R., & Luber, S. (2022). A concise review on recent developments of machine learning
for the prediction of vibrational spectra. The Journal of Physical Chemistry A, 126(6), 801-812.

[45] Couraud, B., Norbu, S., Andoni, M., Robu, V., Gharavi, H., & Flynn, D. (2020, October). Optimal residential
battery scheduling with asset lifespan consideration. In 2020 IEEE PES innovative smart grid technologies
Europe (ISGT-Europe) (pp. 630-634). IEEE.

[46] Lai, X., Chen, Q., Tang, X., Zhou, Y., Gao, F., Guo, Y., ... & Zheng, Y. (2022). Critical review of life cycle
assessment of lithium-ion batteries for electric vehicles: A lifespan perspective. Etransportation, 12,
100169.

[47] He, H., Sun, F., Wang, Z., Lin, C., Zhang, C., Xiong, R., ... & Zhai, L. (2022). China's battery electric
vehicles lead the world: achievements in technology system architecture and technological
breakthroughs. Green Energy and Intelligent Transportation, 1(1), 100020.

[48] Li, J., Yang, Q., Robinson, F., Liang, F., Zhang, M., & Yuan, W. (2017). Design and test of a new droop
control algorithm for a SMES/battery hybrid energy storage system. Energy, 118, 1110-1122.

[49] Chaturvedi, N. A., Klein, R., Christensen, J., Ahmed, J., & Kojic, A. (2010). Algorithms for advanced
battery-management systems. IEEE Control systems magazine, 30(3), 49-68.

[50] Hatzell, K. B., Chen, X. C., Cobb, C. L., Dasgupta, N. P., Dixit, M. B., Marbella, L. E., ... & Zeier, W. G.
(2020). Challenges in lithium metal anodes for solid-state batteries. ACS Energy Letters, 5(3), 922-934.

56



J. Electrical Systems 21-01 (2025): 41-57

[51] Rahimi-Eichi, H., Ojha, U., Baronti, F., & Chow, M. Y. (2013). Battery management system: An overview
of its application in the smart grid and electric vehicles. IEEE industrial electronics magazine, 7(2), 4-16.

[52] Ebner, M., Chung, D. W., Garcia, R. E., & Wood, V. (2014). Tortuosity Anisotropy in Lithium-lon Battery
Electrodes. Advanced Energy Materials, 4(5).

[53] Shimamura, O., Abe, T., Watanabe, K., Ohsawa, Y., & Horie, H. (2007). Research and development work
on lithium-ion batteries for environmental vehicles. World Electric Vehicle Journal, 1(1), 251-257.

[54] Kim, H., & Shin, K. G. (2009, December). Scheduling of battery charge, discharge, and rest. In 2009 30th
IEEE Real-Time Systems Symposium (pp. 13-22). IEEE.

[55] Deaton, J. D., & Grandhi, R. V. (2014). A survey of structural and multidisciplinary continuum topology
optimization: post 2000. Structural and Multidisciplinary Optimization, 49, 1-38.

[56] Silva-Saravia, H., Pulgar-Painemal, H., & Mauricio, J. M. (2016). Flywheel energy storage model, control
and location for improving stability: The Chilean case. IEEE Transactions on Power Systems, 32(4), 3111-
3119.

[57] Athiwaratkun, B., Finzi, M., Izmailov, P., & Wilson, A. G. (2018). There are many consistent explanations
of unlabeled data: Why you should average. arXiv preprint arXiv:1806.05594.

[58] Kim, T., Song, W., Son, D.Y.,0no, L. K., &Qi, Y. (2019). Lithium-ion batteries: outlook on present, future,
and hybridized technologies. Journal of materials chemistry A, 7(7), 2942-2964.

[59] Strbac, G., Aunedi, M., Pudjianto, D., Sanders, D., Hart, A., Ravishankar, M., & Brunert, J. (2016). An
analysis of electricity system flexibility for Great Britain.

[60] Scrosati, B., & Garche, J. (2010). Lithium batteries: Status, prospects and future. Journal of power
sources, 195(9), 2419-2430.

[61] He, W., Williard, N., Osterman, M., & Pecht, M. (2011). Prognostics of lithium-ion batteries based on
Dempster—Shafer theory and the Bayesian Monte Carlo method. Journal of Power Sources, 196(23), 10314-
10321.

[62] Liu, Z., & Li, H. X. (2014). A spatiotemporal estimation method for temperature distribution in lithium-ion
batteries. IEEE Transactions on Industrial Informatics, 10(4), 2300-2307.

[63] Vetter, J., Novék, P., Wagner, M. R., Veit, C., Méller, K. C., Besenhard, J. O., ... & Hammouche, A. (2005).
Ageing mechanisms in lithium-ion batteries. Journal of power sources, 147(1-2), 269-281.

[64] Guan, P., Liu, L., & Lin, X. (2015). Simulation and experiment on solid electrolyte interphase (SEI)
morphology evolution and lithium-ion diffusion. Journal of The Electrochemical Society, 162(9), A1798.

[65] Scotia Group Inception Commission. (2022). A proposal to achieve a Glasgow Agreement: Core
Commitments for states on climate action to reach net zero by 2050. In Research Handbook on Energy, Law
and Ethics (pp. 488-493). Edward Elgar Publishing.

[66] Qin, Y., Yuen, C., Yin, X., & Huang, B. (2022). A transferable multistage model with cycling discrepancy
learning for lithium-ion battery state of health estimation. IEEE Transactions on Industrial
Informatics, 19(2), 1933-1946.

[67] Chen, Z., Xue, Q., Xiao, R., Liu, Y., & Shen, J. (2019). State of health estimation for lithium-ion batteries
based on fusion of autoregressive moving average model and elman neural network. IEEE access, 7,
102662-102678.

[68] Perera, A. T. D., Nik, V. M., Chen, D., Scartezzini, J. L., & Hong, T. (2020). Quantifying the impacts of
climate change and extreme climate events on energy systems. Nature Energy, 5(2), 150-159.

57



