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Abstract

Global warming and global pollution can consequence in many severe changes to the
environment, ultimately challenging environmental problems and impacting human health.
Human activities that result in an electronic-based population are the primary causes of the
sharp rise in waste, particularly battery waste. Massive releases of heavy metals from battery
waste impact health and ecosystems as a whole. Hence there is need to work on battery lifecycle
and its affecting measuring factors. However, there are many challenges to enhance the

lifecycle of battery and to sustain environmental balance.

Machine learning is a form of artificial intelligence that is fundamentally present in
almost every area of our lives. It increased automation and increased productivity. This
research article provides an overview of exemplary research efforts for efficient Machine
Learning-based Battery Management Systems (BMS) to improve battery life cycles and
address their measurement factors in the context of ecological development. This article
covers thedesign and synthesis of battery materials along with recent advances in the field of
machine learning Furthermore, this review article also covers future lines of potential

research and development directions for Machine Learning techniques like clustering and

regression in theprocess of determining battery lifetime.
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Introduction

The world's climate has deteriorated sharply in recent decades due to rapid increases in
global temperatures caused by conventional energy sources and CO;-emitting fossil fuel
vehicles. It emphasizes the effects on food security, land and marine ecosystems, migration
and displacement, and socioeconomic development. Energy storage system research and
development have been initiated by this. Lithium-ion (Li-Ion) has emerged as one of the most
relevant and widely used solutions in the development of energy storage devices, widely used
in low-power portable electronic devices, electric vehicle power supplies, and grid-scale
cenergy storage [1]. One of the most significant pieces of technology that has transformed the
portable electronics and electric vehicle sectors today is Li-ion batteries. The most important
characteristics of lithium-ion batteries include safety, long life, low self- discharge, high

energy density, and high power density, and high-power density, which make it superior to

other battery types like lead-acid and sodjum sulfur (NaS) [2). Lithium-ion batteries are the

most widely used power batteries dye to their obvious advantages of high voltage, low self-

discharge rate, long life and high safety performance. Lithium-ion batteries are considered the

most promising energy source due to their large capacity and high energy density [3]. The

main power source of new energy vehicles, Li-ion Batteries, has a long history of use in the

automotive, aviation, and other industrial sectors (4]. Rechargeable battery use in electric

vehicle applications has grown in popularity recently [5) Consequently, a recent study has

revealed a 168% spike in Electric vehicles sales in India in 2021 compared 1o 2020 [6). The
adoption of electric and alternative fuel vehicles has undoubtedly risen due to increased
understanding of their economic and environmental advantages, and this will also help the

nation reach its goal of net zero emissjons,

Although the energy density, power density, and C-rate of lithium-ion (Borah et al.,
2020) batteries have improved significantly, nonlinear charge capacity and accelerated
degradation rates remain concerns. Therefore, to overcome the inherent limitations of lithjum-
ion batteries, a self-adjusting Battery Management System (BMS) that accounts for measured
factors such as sulfation and voltage limitation is required. To maximize battery performance,
the correct operating state of the battery, including battery state of health (SOH) and state of
charge (SOC), must be monitored and ensured [7-9]. For example, for electric vehicles, SOH

is the odometer, and SOC is the fuel gauge for gasoline vehicles. Anticipating and working

— with measurement factors can help extend battery life. Moreover, accurate estimation of SOH
‘ and SO&can prevent battery overcharging and overheating, thus extending battery life [10].
\;:5ﬁ

However, it cannot be measured directly with electrical equipment. A controlled discharge test
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remaining or measurements of related physical parameters can be used to determine the SOH
of the battery. SOH and SOC are predicted using ‘nformation about the battery load current
and terminal voltage. There are many methods of estimating SOC and SOH, each with its own

strengths and weaknesses (1 1].

For large lithium batteries, knowing the SOC is extremely vital. Because lithium is the
most chemically reactive of all commonly used cell chemistries, electronic battery management
systems (BMS) is the only one required. One of the main tasks of BMS is SOC control [12].
Moreover, in automotive applications, one of the main uses of large lithium batteries, he needs
to control the SOC very precisely in order to manage the energy flow effectively and safely. A
battery's SOC indicates how much charge is currently available and varies according to the
amount of load current drawn from the battery. Data-driven approaches can be further divided
into two techniques: model-based methods and methods that measure SOC directly [13]. OCV-

SOC has a flat curve and requires a relaxation time between two periodic measurements to get
an accurate SOC [13]. OCV-SOC has a flat curve and it requires relaxation times to pass
between two cyclic measurements in order to yield accurate SOC.

Adaptive techniques for SOC estimation include techniques such as Kalman Filter
(KF), Fuzzy Logic (FL), Support Vector Machine (SVM), and Machine Learning [14-17].
Although the Kalman filter is the most well-known of them, this research article underlines the

importance of Machine Learning methods.

1.1 Battery

A battery is a collection of electrochemical cells that power electrical equipment.
Batteries continuously convert chemical energy into electrical energy and must be properly

maintained for optimum. A soiled battery may discharge through the muck on its top case.
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Figure 1: Different types of battery showing Li-ion batteries are ahead of most other
battery types in these respects [Roberta Dileo, Rochester Institute of Technology- Clean Energy
Institute].

Electrolyte, negative and positive electrodes, and battery case make up a battery, At the
two spatially separated electrodes, chemical processes occur, and an external conducting circuit
connecting the electrodes can provide electrical power. Electrolytes don't have much electronic
transport and conduct electricity by the movement of ions. lons and electrons are both carried
by electrodes. The batteries can be raised in voltage to achieve connected in series with others,
and it is required to link them in parallel to increase capacity. Primary batteries, rechargeable
batteries, and fuel cells are the three main types of batteries [18]. One or both of the electrode
reactions in a main battery are irreversible, making it impossible to recharge the battery.

The electrochemical reactions in a secondary battery can be turned around, allowing the
battery to be recharged hundreds or even thousands of times. Reactants are continuously
delivered into a fuel cell from the outside.

In addition to battery usage, we use a management system with special monitoring
features such as charge management mechanisms and temperature control to prevent health,
safety and property risks. These systems use merit-based metrics to control battery
pcﬂ'.o—n?ance. The performance and condition of the battery are estimated using data such the
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state-of-health (SOH) and state-of-charge (SOC) [19]. In this review article, we suggest a
clever way to research the above-mentioned factors utilizing a data-driven methodology. To
estimate these values, we propose a machine learning method that separates the important
features from the discharge curve. Knowledge can be extracted from complex data without
relying on previous underlying relationships between data variables [20]. Numerous

simulations have been proposed to assess how well the suggested approach performs in various

currents and temperatures.

1.2 What is Al and ML?

Machine learning is an application of artificial intelligence. Machine learning enables
a wide variety of software applications to predict outputs without being explicitly programmed.
Machine learning algorithms build models based on sample data as training data and can make
predictions and decisions without being explicitly programmed [21-22]. Al is central to the
development of modern robotics [23] autonomous driving [24] and smart grids [25). Artificial
Intelligence (AI) and its branch of production, known as Machine Learning (ML), is an
excitingprospect that will bring about major changes in battery research and development [26]

and how to overcome major issues while dealing with large number of data and factors.

Figure 2: Al and the various areas revolving around them and affecting measuring

factors
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Machine Learning algorithms are used in many applications, such as computer vision
and email filtering, where traditional algorithms fail to do what is expected. Computers learn

from the information you give them to perform specific tasks. Machine Leamning evolved
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Figure 3: Research in Machine Leaming RUL estimation by country

New approaches to predict battery degradation include supervised and unsupervised algorithms

such as probability estimation such as time series analysis, SVM, ANN, and regression, The

most common are based on probabilistic estimation,
L.2.1 Introduction to Machine Learning

Machine learning (M L) algorithms can extract knowledge from very large and complex

dmc;_s _Without relying on previous underlying relationships between datg variables. This
I ‘ /A\ﬂ;d}ﬂﬁmvides insight on the Machine Leamning domain and jts methodology for analyzing and

) qrg&,%ﬁng batlé\kf'-aﬂecting factors. However, Machine Leaming models are built on
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Statistical concepts. They are classified into four learning theories: regression, rule extraction,
clustering, and classification, each of those including several algorithms [27]. In this article,
we are emphasizing Machine Leaming paradigms also known as Supervised Predictive
Leamning Models (SPLM). Starting with very simple regression techniques, we applied more
advanced clustering and classification algorithms to validate battery-related issues.

In order to predict the potentially non-linear correlations between the most important
battery-related elements, various SPLM are being investigated more and more. The benefit of
SPLM is that they are more flexible and make fewer, if any, assumptions about the input
variables, making them better equipped to interpret outliers, noisy data, or missing data. Battery
issues are analyzed using mathematical and/or statistical models and predictions are made after
a general understanding of the data. The main difference between SPLM and statistical models
is that SPLM aims to understand the structure of data and fit theoretical distributions to well-
understood facts. Statistical models, by contrast, have mathematically backed theories, but also

require data that adhere to a rigorous set of assumptions.
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Figure 4: Machine Learning Algorithm Classification

Considering the employment of sensors in future work, SPLM was £

research study not only for its effective data handling, but also for the algorit electibn atid
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data collecting quality. Additionally, it can be applied to applications that
recognition and prediction. According on the type of the provided input, ML tec
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1.2.1.1 Supervised Learning

It is a method of completing a task by giving the systems training, input, and output

patterns. Figure 4 shows supervised learning algorithms that were taught using labelled data,
In supervised learning, the model receives in

items with Comparable structural trajts, Classification, decision-making, and regression are

dimensionality reduction.

In unsupervised learning, a machine cannot be taught the “correct

answer”. This works
well with transactiona] data. For example, the study can identify battery

factors with Similar

nearest neighbor mapping, self-
singular value decomposition, and k-

algorithms are used for article recommendation,
@ ‘\
e ’/i‘denuﬁcanon.

means clustering. All of these
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1.2.1.3 Reinforcement Learning

In this type of learning, a computer program interacts with an active environment in
which certain goals must be achieved. As you traverse, the computer program gives you

reward-like feedback. The program also tries to maximize the rewards given.

1.2.2 Artificial Neural Network

The functioning of biological neurons acts as the inspiration for the Artificial Neural
Network (ANN). They are computing models originated by an animal’s central nervous
systems. ANNSs, one type of ML model, nowadays are competing with traditional statistical
and regression models in terms of utility [28]. It is a processing architecture based on how the
human brain presents information and is able to learn and adapt. They are mainly used to
address classification, prediction, classification, and optimization problems. Mathematical
representations of biological neurons, known as perceptron, are grouped into nodes and
connected by weight vectors (simply weights) to form ANNSs. By continuously adjusting the
weights between nodes based on the flow of information through the network throughout the
training phase, ANNs can model all real-world data variability. ANNs are ideal for modeling
complex interactions between inputs and outputs, and their ability to learn and adapt makes

them particularly effective tools for modeling nonlinear statistical data.

To model the Li-ion battery effectively and online in order to estimate the State of
Charge (SoC). Experimental data can be used to train both artificial neural networks (ANNs)
in offline mode. To predict SoC, a Feed Forward Neural Networks (FFNN) network uses a
nonlinear autoregressive model with an eXogenous Input (NARX) network to determine the

required battery voltage. Simulation results for this method show good accuracy and fast

convergence.

Estimating battery State of Charge (SoC) is a difficult process that requires inference
rather than direct measurement. Most applications today use temperature monitoring along
with voltage and current measurements at the battery terminals to view the battery from the
outside. These signals can be used to estimate his SoC using various existing approaches, as

described in recent publications [29-32]. Artificial Neural Networks (AD

investigated in many research projects 1o connect acoustic signatures to
cells for SoC estimation. Some research has shown that the process of(fr
regression models is streamlined because the full waveform can be pro

selecting features.
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By applying a feed-forward neural network regression model, acoustic sienatures
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xperimentally from a 210 mAh LCO (LiCoO2) pouch cel jng -CV
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onstant Current-Constant Voltage) cycling have been used to carry out SoC inference [33]-

Elias Galionas et al. The following differentdata structures were considered: the complete

signal waveform, waveform features selected based on the Pearson correlation threshold for

SoC, and the lowest frequency Fourier coefficient magnitude of 15%, the first three types of

waveform information.

This paper states that a moderately sized FFNN can be perfectly trained on acoustic
waveforms without the need for feature selection. A mean absolute estimation error close to
1% was achieved with this method, demonstrating its potential for use in a simplified
workflow. While using a reduced input vector of time-domain features chosen based on
statistical significance, the SoC estimates obtained by the filtered data construction are of
comparable accuracy. They provide an effective, formal, and reliable dimensionality reduction
method for applications where computational cconomy is paramount. The frequency domain
setup offers the best accuracy with a mean absolute error of 0.75%. Importantly, all data
structures are generated with very high accuracy using only acoustic information without the
aid of voltage or temperature measurements. This demonstrates the potential of the acoustic
method for use as a standalone SoC estimation method in operando with obvious security and
reliability advantages. There are also new applications for failure detection of corresponding
voltage sensors and online evaluation of voltage SoC mapping by comparison with acoustic

SoC estimation.

\

Furthermore, method which was analyzed in this study and proposed by Elias Galiounas
and et'al. tested on data sets containing numerous cells, where bigger changes in operation

' iempcrature“; nd innate electrochemical stiffness may provide additional difficulties. Hence,

o the &Sca?’ article states that machine learning strategies using FFNNs are likely to be the
7, WO v /
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Hybrid techniques have recently been developed to increase estimation accuracy. Wei [34]developed
a hybrid technique based on ANN and UKF for SoC estimate. Based on the current, voltage, and
temperature measurements performed by the ANN, the state of charge ofthe SoC can be calculated. To
reduce the ANN error, we can apply an unscented Kalman filter. [35] performed SoC estimation using
Radial Basic Neural Network and Extended Kalman Filter (EKF). The combined model has the best
performance in terms of estimation accuracy with an error of less than 1%, but the analytical
linearization of the EKF introduces numericalproblems in the Jacobian computation of the model. As a
result, this work proposed to treat thebattery model as a black box and use a NARX model (a nonlinear
autoregressive model with eXogenous inputs). Then compute the SoC using a second feed forward

neural network.

New battery models for SoC estimation have been proposed in several articles. Some
researchers use dynamic battery models to predict his SoC. W. He's work [34] considers the
effect of temperature and his SoC on the battery model. The battery was charged from 0% to
100% and discharged from 100% to 0%. Therefore, the solid curve is taken to represent the
experimental His SoC. The integration error was minimal if the current sensor was accurately

calibrated.

The paper proposed an ANN-based SoC estimation system for lithium-ion batteries.
ANN is of type FFNN and NARX. NARX was trained offline to find the appropriate model
needed by the FFNN to compute the SoC of the battery. The entire experimental database for
this study was obtained from the NASA Prognostic Center of Excellence website. Simulation
results of the proposed estimator showed good accuracy and fast convergence to the
experimental variables, regardless of the loading conditions. The proposed model can be

applied to many secondary batteries.

By following above, it is essential to explore a few issues with the suggested model.
Calculating SoC for each cell is important to apply this approach to a battery pack. Batteries
are employed in a variety of environmental settings. As a result, the database utilized to create

any model must consider to every conceivable operation scenario.

1.3 Materials Design and Synthesis

The design and synthesis of battery materials are combined with \

machine learning. Section 1.3.1 first provides a briefoverview of recent ini

N 27
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suitable material descriptors. This typically represents the first hurdle to implementing a
practical and accurate machine learning model. We then present some examples of how
machine learning-based research is accelerating the screening and prediction of new battery

materials with specific desirable properties.

Section 1.3.2 discusses how machine learning algorithms can help handle more
complex chemistries, longer length and time scales, and multiscale modeling, thereby
opening up new possibilities for materials simulation. Subsection 1.3.3 discusses the creation
of new materials, especially those arising from using artificial intelligence to efficiently
organize experiments and exhaustively render chemical and physical spaces in conventional
spaces with high-throughput methods. Describes how to solve the combinatorial explosion
problem. (HT). In this context, we show how ML algorithms can be used to discover
relationships between variables and predict outcomes for new tests. In subsection 1.3.4, we
present our thoughts on applying artificial intelligence/machine learning to materials design

and synthesis while outlining some of the major hurdles ahead.

1.3.1. Discovery of Materials

Finding new active electrode and electrolyte materials for next-gencration batteries is
the goal of current technology in this regard, often combining HT screening with machine
learning. Typical machine learning techniques include decision trees, support vector

machines, and artificial neural networks.

Machine learning approaches are used to discover complex nonlinear correlations
between large numbers of variables based on the use of high-fidelity data. This data comes
from physics-based simulations, experiments, or both. Ultimately, this helps classify materials

with comparable properties or predict desirable properties for new materials.

Propertics like discharge capacity, volume change, capacity retention, voltage profile,
etc. are frequently of interest in the case of active electrode materials. The current invention
relates to active electrode materials and manufacturing processes for them. These substances
are valuable as active electrode components for Li-ion or sodium-ion batteries, such as anode
components for Li-ion batteries [36]. The search for inorganic solid ionic conductors with

‘ 'lFuEh\Ihxc conductivity and favorable mechanical properties is currently the focus of

N, \
electrolytes,

[ . )

28



@

Empirical Economics Letters, 22 (2): (August 2023) ISSN 1681 8997

The first obvious obstacle to establishing any Machine Learning model is the lack of
sufficient, trustworthy training data. Training a model with the data that is already available
and evaluating its classification performance using newly gathered data or a different dataset
are both reliable methods for validating the performance of ML models [37]. Data quality is
important, and dataset size has a large impact on accuracy. It's also important to thoroughly
sanitize your data. Also, this data will not cause any errors during the training process. Errors
can affect model performance later. Therefore, curation is essential and a must for building
an accurate database that is as objective as feasible, regardless of the data source [38-39].
High-quality data implies that the simulation must successfully replicate the goal property in
the real world (high fidelity). High-fidelity data, however, is typically hard to come by
because it is expensive to acquire. Moreover, despite the tendency of scientists to primarily
report on the best materials in the literature, it is common practice to enter unconvincing
materials or failed experiments into databases in order to improve training sets. requirements.
The underlying mathematical description of different compounds must be accurate enough to
allow comparison of different structures and chemistries across huge data sets, another of the
machine learning approaches applied to materials science. An important factor. The
difficulties that arise when big data and Machine Learning are combined with materials
science have received a lot of attention [40]. The choice of acceptable descriptors that result
in sufficiently exact predictions of the intended target property is a crucial hurdle when using
Machine Learning modelsto a materials science problem [41]. In reality, a given ML model's

prediction performance is frequently decreased by subpar descriptions unrelated to the target

features.

It is also crucial to note that the field of Artificial Intelligence-aided materials discovery

is expanding quickly and hasa number of promising future research directions. Inverse design

is one of them, and it helps hasten the search for ultra-high-performance batteries. A major

European research initiative, Battery 2030+, recently identified the establishment of the

Battery Interface Genome (BIG) and Materials Acceleration Platform (MAP) as key

milestones to accelerate the discovery of ultra-high performance batteries. bottom [44].

Initiatives in this direction include the MAP and the so-called BIG [42]. A deep generative -
d as a deep neural network.
distribution [43]. Bl

new data with ta

model is essentially a generative model specifie
generative modeling is to learn the underlying data

the use of deep generative models that can generate
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especially high- power output of batteries by merging data from different experimental

\

\

\

approaches and simulation methods. Allows reverse design of the mesophase.
1.3.2. Active Electrode Materials

Input factors include firing temperature, Nj content, primary particle size, coating
material, and cleaning conditions. The initial variables were initial capacity, cycle life, and
amount of Li remaining after synthesis. According to the authors' evaluation of various

machine learning models (ANN, RF, LR, k-NN, SVM, and DT), the highly randomized tree

in this case were initia] discharge capacity and coulombic efficiency, and the input factors in

this case were composition, synthesis process, Li and transition metal sources, Li excess,

temperature, calcination and sintering time. Key factors affecting custom properties such as:

B. Specific processing settings, Li excess, or Li to transition metal ratios can be identified

by machine learning analysis.

In order to avoid unworkable Edisonian-style experiments that ajm to cut down on
human effort and research expenditure, machine learning (ML) has received enormouys
interest [46]. For instance, Sendek et al. [47] screened approximately 12,000 innovative soliq
Li superionic conductors for all-solid-state LiB using logistic regression.

Wang et al. for the purpose of designing stress-relaxed structures, lattice constants
calculated using density functional theory (DFT) of fully lithiated and delithiated structures
were used to study spinels and layered oxides. A partial least squares (PLS) model was
developed to predict the volume change rate [48). They found that the radius of the transition
metal ion and the distortion of the transition metal octahedron are the most important
variables for accurately predicting the volume change. Joshi et al. Focused on predicting
voltage profiles for a wide range of active electrode materials for Li, Mg, Ca, Al, Zn, ang Y-
ion batteries using DFT-calculated voltages contained in the Materials Project Database
(MP) [49]. An asymmetrical three-dimensional structural arrangement of ions, atoms, and
molecules to form a unit cell is called a crystal lattice. The type of crystal lattice s determined
by-thesubstantial and distinctive geometrical shape of a unit cell. The type of crystal lattice

and other gléﬁntal characteristics of the atomic constituents in each specific compound
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were among the descriptors of the materials that were taken into consideration. Some non-
toxic and relatively common in comparison to lithium, multivalent and monovalent metals,
including as magnesium, zinc, and aluminium, are thought of as substitute guest ions for Li-
ion, leading to the development of several new battery systems. Their inability to
accommodate alkalis with large radius (Na+, K+) or multivalent ions with strong
electrostatic repulsions (Mg2+, Zn2+, Al3+) has been the main barrier to their wide-scale
deployment [50). Considering known Li-based active electrode materials that have not yet

been proposed for other chemistries, this work helped identify potential new electrode

materials for Na and K ion batteries.

To support the search for organic electrode materials, Allam et al. created a DFT-
based database of a compiled collection of various organic compounds [51]. In his ANN-
based prediction of redox potential, the author considered both calculated electronic
properties and optimized geometric data as input variables. The following 10 main input
variables were discovered by the authors using linear correlation analysis based on
calculation of Pearson correlation coefficients: electron affinity, highest occupied molecular
orbital (HOMO), lowest unoccupied molecular orbital (LUMO), HOMO-LUMO gap,
number of H, C, B, O, Li atoms and aromatic rings in the molecule. Examining compounds
that were not part of the training set, the method showed excellent ability to predict accurate

redox potentials with respect to DFT calculations.

Additionally, machine learning can be used to classify datasets into specific
classifications using supervised learning. Logistic regression is a supervised machine
learning algorithm used for classification purposes [52]. Here, Attarian Shandiz and et al.
analyzed data from the Materials Project and a number of methods like ANN, SVM, k-NN,
RF, ERT and LDA to determine Crystal systems (monoclinic, orthorhombic, and triclinic)

of lithium-ion silicate-based cathodes containing Mn, Fe, and Co [53].

From above, the authors conclude that crystal volume, number of sites, formation
energy, over-cladding energy, and bandgap are the most important descriptors, with HF and

ERT classifiers producing the lowest overall errors. showed.

1.3.3. Solid Electrolytes

\'$
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[18] by Arun Patil and et al. reviewed recent material developments of fast solid Li-ion
conductors. The paper states that glassy solid electrolytes have great potential for various
electrochemical applications, the most important of which is solid-state batteries. Especially
in the field of solid electrolytes, screening of battery materials using machine learning models
is active. One of his earliest research projects proposed a new olivine-type oxide solid
electrolyte with low jonic conductivity in 2012 by combining computer data with his PLS
analysis [55]. In particular, scientists used the nudged Elastic Band (NEB) approach to
calculate the DFT Lij+ transfer energies for various ordered LiMXO#4 structures within the
M2+X5+ and M3+X4+ main group pairs. As a result of predicting the existence of materials
with Li+ migration energies below 0.3 eV, several innovative compositions have been
Proposed including MgAs, ScGe, InGe, and MgP as well as AlX, GaX, InX, and CaX pairs
more generally. Jalem et al. also explored tavorite-type LiMTO4F (with M3+T5+ and
M2+T6+ pairings) solid electrolytes using an ANN model as an altenative [56] Low
migration energies were predicted for certain compositions, such as LiMgSeO4F,
LiMgSO4F, or LiGaPO4F. Scientists have sometimes used bond valence field (BVFF)-based
calculations rather than DFT to Create computational databases. BVFF-based computations
are significantly less computationally intensive than DFT, making it easier 1o filter large
amounts of data at once [57]. In contrast, Kireeva and Pervov took jnto account a wide range

of experimental informatjon about garnet-type oxide solid electrolytes.

The authors focused on predicting the ionic conductivity of Compounds of general
formula A3B2 (X04)3 using the SVM model. Fujimura et al. used the SVM approach to

directly evaluate the jonic conductivity of Li§cAaBbO4 LISICONs by merging theoretical
and experimental data sets [58].

The desired property for each of the research previously mentioned is jon mobility
(migration energies or conductivities). Among the reported accidents, an internal short circuit
due to lithium dendrite formation was one of the causes of battery failure [59]. However, the
prevention of dendrite formatjon must also be considered when choosing a suitable solid
clectrolyte. Ahmad et al, performed a DFT-based computer-aided screen to evaluate the
potential of thousands of inorganic solids to suppress dendrite initiation when in contact with
lithium metal [60]. To achieve this, the authors used the calculated shear and mass modulus
and ¢lastic constants to train CGCNN (Crystal Graph Convolutional Neural Network) and
KRR:m :de‘ . They found that soft and highly anisotropic materials with high mass densities,
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Li ratios and sublattice-bound ionicity are the most effective ways to inhibit dendrite

formation.

1.3.4. Liquid Electrolytes

All-solid-state lithium batteries have advantages such as flexibility in cell design,
resistance to electrolyte leakage, and high safety. As a result, some efforts have been made so
far to increase the ionic conductivity of solids, especially considering their potential use under
ambient conditions [1 x 10-3 Scm-1]. [18].

As liquid electrolytes are far more disordered than solid electrolytes, it is more difficult
to do Machine Learning studies of energies and electrical and structural characteristics. As a
result, there are a lot less studies that use Machine Learning techniques for liquid electrolytes.
However, there are a number of uses for Machine Learning approaches that are applicable to
liquid electrolytes, and we highlight a few of these uses in the following. Nakayama et al. [61]
used an exhaustive search by GP (ES-GP) approach to predict cation-solvent interaction
energies in liquid electrolytes of lithium-ion batteries, considering a variety of commercially
available organic solvent compounds. Since the solvation and desolvation of Li ions at the
electrolyte-electrode interface is a key process that often limits the overall mass motion, the

interaction energy is a useful predictor of Li-ion transport within the electrolyte.

Furthermore Sodeyama et al., An exhaustive search using a linear regression model
(ES-LiR) was used to add melting point as a target attribute. This is an important variable
related to the wide LIB working temperature window [62]. Compared to multiple linear
regression (MLR) and least absolute shrinkage and selection operator (LASSO) approaches,
the ES-LiR model offered a fair compromise between predictive accuracy and computational
complexity. However, the ES-GP method is much more accurate than his ES-LiR [63].

Utilizing Machine Learning techniques to speed up the exploration of the sampling
space is a less direct strategy. For instance, ML-enhanced MD simulations can simulate more
extreme varieties of liquid electrolytes. When dipole polarization is a key factor in the
dynamics, for example, lonic-liquid-based electrolytes (IL) and highly concentrated
electrolytes (HCE). The most straightforward method is to use NNs, such as those in

references [64-65], a cost-effective way to learn the concept of polarization. However, with
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for data generation. Extensive research has led to the development of polymer electrolytes for

Zn-based flexible batteries [66]. A similar method has been used to study his Zn2+ electrolyte

in water, showing that ANNs can be applied to obtain useful
disordered systems [67].

physical potentials even in highly

Even though it is all 100 frequently overlooked, Machine Learning can be used in

ML

electrolyte investigations from both an experimental and computational standpoint.
(Machine Learning) can be utilized in a variety of ways to improve experimental research of

clectrolytes, from completely automated laboratories to using ANN to evaluate spectroscopy

data [68-70]. This method addresses several issues with sophisticated electrolyte simulation

and comparisons with experimental data, allowing for more e
of liquid electrolytes,

fTective experimental research

1.4. Battery Measuring Factors

ISSN 1681 8997

‘ yimost imp,

| |
———— — e

- DataAcquisition | [y, : =
| __“_q‘_‘ !(,D_a_ta Preparation Trauing Data
| || — ]

g Battery voltage, Py inpof = ——0—— —
.o || Pre-processing o B

1 SoC, Noisy data | ';; Data = 1 TestData

‘J 1 _‘m[__

Measuring factors handling | = Validate Data

! Group Battery Life I
of Li- Enhancementwith | A .
! Battery | | ProtectionSystem | | o Moded ML Mogel
;1 ‘IA_ JFactors l;i;glxosisl A fSHalldalloll__ Traming
‘Managed Externa AL based rixation . Sulation ‘
_ " [Voltage Ling Model Deve] t
} l Factors Lof Measuring Factors | | " s __f_e_m_o"m_um .

Figure 5: Basic block-diagram of ML-based life enhancement and protection system

The battery life enhancement and protection system of Li-ion batteries are imperative

in Battery Management System. Therefore, detection of measuring factors such as sulfation,

voltage limit, etc. in Li-ion battery and designing an efficient advance defense system are of

Ntance. Naturally, to establish an appropriate battery life enhancement and

‘protection polity, in-depth knowledge and understanding of different kinds of factors alongside

the identificatjon of corresponding measuring factors mechanism in Li-ion batteries are highly

cssential, Hénce, this review article focuses on the same.
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1.4.1 Sulphation

Sulfation can permanently reduce the capacity of lead-acid batteries if they are kept in

a low state of charge (SOC) for long periods of time without recharging [71].

Sulfation occurs and builds up when the battery is not fully charged. It remains on the
battery plate [72]. Exceeding sulfation interferes with the chemical-to-electrical conversion and
can seriously affect battery performance. Sulphation is normal for starter batteries in cars
driving in congested areas. This can also occur when the engine is idling or running at a low

speed and the battery cannot be fully charged.

Sulfation is a major problem in lead-acid batteries. Therefore, desulfurization is the
solution for restoring sulfate lead-acid batteries. However, de-sulfation was not found as a
better solution to prevent sulfation. Therefore, a battery management system for proper
charging or discharging is found as a passive solution to sulfation. There are many methods in
the literaturerelated to proper charge and discharge control that may involve sulfation issues.
Therefore, inthis article, an Atom Search Algorithm (ASA)-based Hybrid Energy Storage
System (HESS) was developed to enable proper charge-discharge control to extend the life of
lead-acid batteries by avoiding sulfation [73]. Therefore, effective battery reuse and recycling

processes are very important as batteries contain important metals [74-75).

According to the first-order reaction of the lead-acid charge-discharge process, the

concentration of SO4>" ions decreases during discharging as-
Pb + PbO; + 4H' +280/7 = 2PbS0s+2H.0 ... (1)

This is due to the change in the solubility of lead sulfate in the electrolyte. In the relevant

range for lead-acid batteries, the solubility rises with falling electrolyte density (as shown in

following Figure 6).
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Figure 6: Solubility against electrolyte density

Several ageing processes are accelerated as a result, as opposed to when a battery is
fully charged: Sulfation, dendritic formation that could result in mini short circuits, and
corrosion during rest times are the first three. As there is increased solubility, large number of
sulphate crystals form more quickly. This is brought on by the fact that small crystals have
more surface tension and, consequently, surface energy than large crystals.

With this in mind, from an energetic point of view, Pb2+ and SO42— ions are more
likely to form on the surface of large crystals than small crystals. Also, lead sulfate molecules
are more likely to desorb from small crystals than from large crystals, As the same number of
dissolution and crystallization processes occur under equilibrium conditions, a transition of
molecules from smaller to larger crystals occurs. Eventually, small crystals will die out, but
larger crystals will usually continue to grow. The higher the dissolution rate, the faster the
process will go, The term "recrystallization" refers to this process. Sodium sulfate is added to
reduce this effect. Dissolving sodium sulphate forms 2Na+ and S042-, increasing the sulphate

. content in the electrolyte [76]. Sodium sulfate is used as an electrolyte additive because Na+
""’?(‘);MOI adversely affect the battery. As a result, the sulphate concentration steadily
4 incrc‘z:\gés: \\reducing the solubility of the lead sulphate crystals and extending battery life,

( ¥ especially in|the case of deep discharge.
‘ /.\,; /
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However, high solubility can also be advantageous. This will quickly remove lead
sulfate crystals. This effect was applied decades ago by washing used electrodes with fresh
water. Due to the high solubility of lead sulfate in pure water, old and large sulfate crystals
could be removed. Theoretically, charging at a temperature of 40-50°C has been shown to be
more effective and faster, and promote the dissolution of large amounts of old sulphate crystals.
However, increased solubility also occurs at higher temperatures. This is a classic example of
the conflicting effects of the same situation and different battery operating modes. Higher
solubility is beneficial during charging, but accelerates the formation of large, inert sulfate

crystals during resting periods.

The influence on various ageing effects depends on the solubility in and of itself as well

as the retention period under the given circumstances.

One of the easiest ways to prevent battery sulfation is to store your batteries properly.
When storing batteries, they must be sufficiently charged so that they do not drop below 12.4
volts even when stored fully charged [77]. Application of this maintenance can be achieved by
machine learning by providing the data that this charge maintenance prevents sulfate
accumulation. Additionally, batteries should not be stored at temperatures above 75°C, as the

self-discharge rate doubles for every 10°C increase in room temperature.

1.4.1 Voltage limit

Design parameters optimization in Lithium-ion batteries in experiments like materials
selection, cell manufacturing and operation. In lithium-ion batteries, metals like cobalt, nickel,
and manganese, which are hazardous and can harm water supplies and ecosystems if they leach
out of landfills, are found [78]. Here, our primary aim is to maximize battery lifetime; although,
it is a time-consuming process [79-81]. Also, high sample variability requires a large number
of experiments. The main challenge is therefore to reduce both the number and time of

experiments. To this end, we propose a machine-language method to imaginatively optimize

the parameter space that specifies the voltage profile of a fast-charge protocol to maximize

battery life [82-83].

m
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innovative, low-cost, highly accurate and reliable too] for understanding and analyzing battery

health.

Much research has focused on applying innovative machine learning (ML) techniques to
develop powerful models based on experimental battery data. This work contributes to a variety
of things, including whether his SOH model for batteries is robust and validating the behavior
of the model.

Researchers have proposed a data-driven alternative model. This model was based on
experimental data from a battery and was learned from the data using a machine learning
approach. The machine learning techniques in this work were developed by Khalid Akbar et
al. Achieved. al. [84] Use Algorithm 1: An algorithmic machine learning engine integrated into
this algorithm was connected to a custom script created for this study. Details of the algorithm
are given below [84]:

Step 1: Obtain (battery data)

Step 2: Calculate (SOH from charge capacity)

Step 3: while (data) do  # check in every dataset

Step4:  divide (data)

Step 5:  invoke (Machine Learning algorithm which gives best performance)

Step 6:  create (model), verify (model)

Step 7:  return (model)

Step 8:  display results

Step 9: end of while loop

Step 10: Stop the execution

Algorithm-1 [84]

In this paper, we explored a variety of linear and nonlinear techniques ranging from linear
regression to extra trees and found that the boosting method performed best compared to
experimental datasets. Furthermore, the best approach for the battery dataset was decision tree
regression (DTR) obtained using the boosting method.

The training set and test set must be separated from the dataset in order to execute machine
learning, as this study underlines. The computer evaluated its learning performance by applying

what it had learnt from the training set to the test set. The test set was fitted to this model to

/t?tcnlut; its aét‘:uracy and error rates. Finally, a forecast of fresh data points was made using

S
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the constructed model. Additionally, the accuracy of data prediction was too high that the error

=2 e o ;
score was around 10™“. This minimal data prediction score verified the output data.

1.5 Study of various machine learning methods used

In this section, we describe the effective theories of the most used Machine Learning

methods in Battery management System.

Paper [88] described battery SoC OCV data collection and implemented regression
techniques using curve fitting and machine learning concepts. It also covers the basics of
battery modeling and the regression techniques used to form the static His SoC-OCV

relationship.

Paper titled "Deep Learning Method for Online Capacity Estimation of Lithium-ion
Batteries" by Sheng Shen et al. [89] attempted deep learning for online capacity estimation of
lithium-ion batteries. They used 10 years of daily cycle data from eight embedded lithium-ion
cells and half-year cycle data from 20 18650 lithium-ion cells to validate the performance of
their proposed deep learning method. Did. In this paper, compared with traditional machine
learning methods such as flat neural networks and relevance vector machines (RVM), their
proposed deep learning method has shown higher accuracy and performance in online
estimation of lithium-ion battery capacity. It states that it has been shown to provide robustness.

Additionally, the next section of this article describes various machine learning methods that

can help extend life in battery management systems.

1.6 Methodology

Aim of the research is to analyze and propose a ML (Machine Learning)
framework/model for prediction in Various types of battery (power supply resource) domain.
The first step in the methodology for Machine Leamning research work starts with the

preparation of data using Exploratory Data Analysis (EDA). Further step is to clean the data

like removing outliers, changing categorical variables and handling imbalanced datasets. For

training the model, this research work then uses various machine learning algorithms like

supervised and unsupervised. Finally, the model is evaluated using different metrics like recall,

f1-score, accuracy, etc.
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1.6.1 Machine Learning

Machine learning mainly falls into three categories: supervised, unsupervised, and augmented.
Supervised learning uses tagged data to train an algorithm. Supervised learning can be divided
into two parts: regression and classification. Regression is a form of supervised learning that
uses labeled data and uses that data to make predictions in a continuous fashion. Regression
problems include types in which the output variables are specified as real numbers. The form of
this problem often follows a linear form, Classification in data mining methodology aims at
building a model from a training data set. This model can be used to classify records with
unknown class specifications. A classification algorithm attempts to determine the class or
category of data presented to it Objects can often belong to multiple categories, and the A]

must determine what those categories are and how much confidence thealgorithm has jn its

predictions.

Unsupervised learning is the second type of machine learning. Here the data js unlabeled and

used to train the algorithm. Unsupervised learning can be divided into two parts:clustering and

dimensionality reduction, Clustering is a data mining technique that divides a data set into

discrete groups. This task divides a population or data points into groups so that data points in

the same group are more similar to other data points in the same group tha

1 datapoints in other

groups That's it. The aim is to Separate groups with similar characteristics and assign them to

clusters. The k-means clustering algorithm is faster than other clustering

methods for that type. Shorter execution time. Works better with both small and medium data,
In our case the dataset is moderate, k-means is the most popular due to the "simple"
implementation of the algorithm, Easily identify important relationships between features and
extract multivariate or compound variables. No defined number of clusters is required. The
optimal number of clusters can be set using an "elbow plot" implemented for a given set of
accident data, Dimensionality reduction reduces the dimensionality of the data to remove
unnecessary data from the input. Used to remove unnecessary features of d

ata. There are many

methods/algorithms for dimensionality reduction in machine learning, among them principal

component analysis (PCA), linear discriminant analysis (LDA), kernel principal component

analysis (KPCA), and others.
-\
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Machine learning is a category of algorithms that enable software applications to more
accurately predict outcomes without being explicitly programmed [85-86]. The analysis of
measuring factors which affect batteries is possible using the Machine Learning model. It is
one of the fast-emerging trends which can be helpful for analysis to find out the pattern and to
effectively reach the root cause of the lifecycle of batteries (battery issues). Machine Learning
is also useful to make predictions to address the measuring factors of a battery so as to enhance
its life span. This can be done by acquiring knowledge from previous data by using Machine

Learning.

[ Learning ] | Prediction } ( Prediction )
Sample Expected New Predi- Handmade
Data Data Data Motel s ctions model
X
PC PC PC
U {4 |
Maodel Output Output

Figure 7: (a) Machine Learning Model Vs. (b) Traditional Model

1.6.2 Machine Learning Model Flow

Figure 7(a) shows how the machine learning model differs from the traditional model

shown in Figure 7(b). As shown in the diagram above, the "learning stage" of machine learning

modeling, the "model", is one of the inputs to the prediction stage, along with the "new data"

to get the output, unlike traditional modeling. We divide our task into two phases: "learning”

and "predicting”. Training involves preprocessing to clean up the raw data.

1.6.3. Machine Learning Models for Analysis and Predictions

In order to measure the factors that affect batteries with perspective qf-efficient and

productivity-
voltage limits. Hence, this research review proposes the regression model (M

technique) over the attributes. Typically, the performance of the re
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evaluated using the root mean square error (RMSE)

The regression model pinpoints measurement-related problems, but it's critical to know
Wwhich variables affect the battery's lifespan in order to take action to solve these problems. The
Association Rule Mining (ARM) algorithm is thus used in this article to give a framework for
examining battery productivity and efficiency. The ARM pinpoints the relationships between
different battery characteristic metrics that adhere to certain minimal support and confidence
requirements. The ARM uses an unsupervised learning approach without the use of class labels,
According to Figure 4, both supervised and unsupervised leaming include ‘classifying tasks’
to some extent. The mode| utilized in this study, built using an unsupervised learning approach,
is fine-tuned using labelled data, When research studies use flagged data to refine the models

they use, then the algorithm is trained using unsupervised learning - such as the use of different
hyperparameters.

1.6.4 Machine Learning Model with Preprocessing

Following Figure 8 shows the flow of Machine Learning Model-
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