Asian Journal of Research in Computer Science

Volume 17, Issue 6, Page 250-263, 2024; Article no.AJRC0S.114912
ISSN: 2581-8260

Health Monitoring of Li-ion

Batteries: State-of-the-Art Techniques
and Emerging Trends in Engineering
and Energy Storage

Kamran Sikander &

aUniversity of Petroleum and Energy Studies - [UPES], Dehradun. India.
Author’s contribution
The sole author designed, analyzed, interpreted and prepared the manuscript.

Article Information
DOI: https://doi.org/10.9734/ajrcos/2024/v17i6471

Open Peer Review History:

This journal follows the Advanced Open Peer Review policy. Identity of the Reviewers, Editor(s) and additional Reviewers,
peer review comments, different versions of the manuscript, comments of the editors, etc are available here:
https://lwww.sdiarticle5.com/review-history/114912

Received: 05/02/2024

— ; Accepted: 09/04/2024
Original Research Article Published: 02/06/2024

ABSTRACT

Health monitoring of Li-ion batteries is crucial for ensuring their safe and reliable operation in
various engineering and energy storage applications. This paper provides a comprehensive review
of state-of-the-art techniques and emerging trends in health monitoring for Li-ion batteries. The
abstract highlights the key aspects of the study, including the significance of health monitoring, the
current state-of-the-art techniques, and the emerging trends shaping the future of battery health
monitoring. The abstract emphasizes the importance of health monitoring in detecting and
diagnosing battery degradation, identifying potential failure modes, and optimizing battery
performance. It discusses the challenges associated with traditional battery health monitoring
methods, such as limited accuracy, high cost, and complexity, and highlights the need for advanced
monitoring techniques to address these limitations. Furthermore, the abstract outlines the current
state-of-the-art techniques for battery health monitoring, including electrochemical impedance
spectroscopy (EIS), voltage and temperature monitoring, and internal resistance measurement. It
discusses the advantages and limitations of each technique and highlights recent advancements in
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sensor technology, data analytics, and machine learning algorithms for enhancing the accuracy and
reliability of battery health monitoring. Moreover, the abstract explores emerging trends in health
monitoring, such as the integration of wireless sensors, real-time monitoring systems, and cloud-
based data analytics platforms. It discusses the potential benefits of these trends, including
improved accessibility, scalability, and cost-effectiveness of battery health monitoring solutions.
Overall, the abstract provides a comprehensive overview of the current state-of-the-art techniques
and emerging trends in health monitoring for Li-ion batteries, highlighting the importance of
continuous innovation in this field to ensure the safe and efficient operation of battery systems in

engineering and energy storage applications.

Keywords: Li-ion batteries; health monitoring;
engineering; energy storage.

1. INTRODUCTION

The proliferation of Li-ion batteries across
various engineering and energy storage
applications has led to an increased focus on
ensuring their safe and reliable operation.
Central to this endeavor is the concept of health
monitoring, which encompasses a suite of
techniqgues and methodologies aimed at
assessing the condition, performance [1], and
remaining useful life of Li-ion batteries. Effective
health monitoring enables early detection of
degradation mechanisms, identification of
potential failure modes, and optimization of
battery performance, thereby enhancing safety,
reliability, and longevity [2,3]. The introduction
begins by contextualizing the importance of Li-
ion batteries in modern society, highlighting their
widespread adoption in electric vehicles,
renewable energy systems, portable electronics,
and grid-scale energy storage. As Li-ion batteries
continue to play a pivotal role in enabling the
transiton to a more sustainable energy
landscape, ensuring their reliable operation
becomes paramount [4,5]. The discussion then
shifts to the inherent challenges associated with
Li-ion battery operation, including degradation
mechanisms such as capacity fade [6,7],
impedance growth, and thermal runaway. These
degradation mechanisms can compromise
battery performance [8,9], safety, and longevity,
underscoring the need for effective health
monitoring strategies to mitigate their impact [10].

Next, the introduction outlines the objectives and
scope of the study, emphasizing the need to
review the current state-of-the-art techniques and
emerging trends in health monitoring for Li-ion
batteries [10]. The study aims to provide insights
into the existing methodologies, their advantages
and limitations, and the potential directions for
future research and development [11].
Furthermore, the introduction highlights the
interdisciplinary  nature of battery health

state-of-the-art techniques; emerging trends;

monitoring, drawing upon principles  from
electrochemistry [11], materials science, sensor
technology [12], data analytics, and machine
learning [13]. It underscores the importance of
collaborative efforts across these disciplines to
advance the field and address the evolving
challenges in battery health monitoring. Overall,
the introduction [14] sets the stage for the
subsequent  discussion by providing a
comprehensive overview of the importance of Li-
ion battery health monitoring, the challenges it
faces, and the objectives of the study. It
emphasizes [15] the critical role of health
monitoring in ensuring the safe, reliable, and
efficient operation of Li-ion batteries in
engineering [16] and energy  storage
applications, paving the way for sustainable
energy solutions [17].

In recent years, the demand for high-
performance and reliable Li-ion batteries has
surged across a wide range of industries,
including automotive, aerospace, consumer
electronics [18], and renewable energy. As Li-ion
batteries continue to evolve and proliferate, there
is a growing recognition of the need for effective
health monitoring [19] techniques to maximize
their operational efficiency and lifespan. One of
the primary motivations behind the development
of robust health monitoring systems is the need
to mitigate [20] the inherent risks associated with
Li-ion battery operation. These risks include
thermal runaway [21], capacity degradation, and
safety hazards, which can have significant
implications for both human safety and economic
viability [22]. By implementing proactive health
monitoring strategies, stakeholders can detect
early warning signs of battery degradation and
take preventive measures to avoid catastrophic
failures [23].

Moreover, the introduction highlights the
multidisciplinary  nature of battery health
monitoring, which involves the integration of
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various disciplines [24] such as electrochemistry,
materials science, electrical engineering, and
data analytics [25]. Collaborative research efforts
in these domains have led to significant
advancements in sensor technology, diagnostic
algorithms [26], and predictive modeling
techniques for assessing battery health in real-
time [27].

Furthermore, the introduction emphasizes the
role of emerging technologies, such as Internet
of Things (loT) devices, wireless sensors, and
cloud computing, in revolutionizing battery health
monitoring. These technologies enable remote
monitoring [28], data aggregation, and predictive
analytics, allowing stakeholders to make
informed decisions and optimize battery
performance across distributed systems. Overall,
the introduction sets the stage for a
comprehensive  review of state-of-the-art
techniques [29] and emerging trends in Li-ion
battery health monitoring. By examining the
current landscape of research and development
in this field, the study aims to provide valuable
insights [30] into the challenges, opportunities,
and future directions for advancing battery health
monitoring in engineering and energy storage
applications [31].

2. LITERATURE REVIEW

The literature on Li-ion battery health monitoring
encompasses a wide range of research efforts
aimed at developing effective techniques for
assessing the condition, performance, and
remaining useful life of batteries. This section
provides a comprehensive review of the current
state-of-the-art techniques and emerging trends
in battery health monitoring, highlighting
key findings and contributions from relevant
studies.

1. Electrochemical Impedance Spectroscopy
(EIS):

e EIS is a widely used technique for
characterizing the electrochemical
behavior of Li-ion batteries by measuring
their impedance response to small
amplitude AC signals [32].

e Several studies have demonstrated the
utility of EIS for detecting changes in
electrode morphology, electrolyte
properties [33], and interface Kkinetics,
which are indicative of battery
degradation mechanisms.
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Advanced modeling and analysis
techniques, such as equivalent circuit
modeling and impedance spectroscopy,
have been employed to interpret EIS
data and extract valuable insights into
battery health [34].

2. Voltage and Temperature Monitoring:

3.

Voltage and temperature monitoring are
fundamental techniques for assessing
the state of charge (SOC), state of health
(SOH), and thermal behavior of Li-ion
batteries [35].

Real-time monitoring of voltage and
temperature profiles enables early
detection of abnormal operating
conditions, such as overcharging, over-
discharging, and thermal runaway, which

can lead to accelerated battery
degradation [36].
Recent advancements in  sensor

technology, such as embedded micro-
sensors and wireless telemetry systems,
have enabled continuous monitoring of
battery  parameters in  real-world
environments [37].

Internal Resistance Measurement:

Internal resistance measurement is a
valuable technique for quantifying the
resistance within a Li-ion battery
cell, which can affect its energy
efficiency, power output, and thermal
stability.

Impedance-based methods, such as
direct current (DC) resistance
measurement  and  electrochemical
impedance spectroscopy, are commonly
used to estimate internal resistance in Li-
ion batteries [38].

By monitoring changes in internal
resistance over time, researchers can
assess battery degradation, identify
potential failure modes, and optimize
battery management strategies [39].

4. Advanced Diagnostic Algorithms:

Advanced diagnostic algorithms,
including machine learning, data
analytics [40], and artificial intelligence
(Al) techniques, have emerged as
powerful tools for analyzing large
volumes of battery data and extracting
meaningful insights [41].



Sikander; Asian J. Res. Com. Sci., vol. 17, no. 6, pp. 250-263, 2024; Article no.AJRCOS.114912

e Machine learning models, such as
support vector machines (SVM), neural
networks [42, and random forest
classifiers, can be trained on historical
battery performance data to predict
future degradation trends and failure
modes [43].

e Data-driven approaches enable
proactive decision-making, condition-
based maintenance, and predictive
maintenance strategies, thereby

enhancing the reliability and longevity of
Li-ion batteries [44].

5. Emerging Trends:

e Emerging trends in battery health
monitoring include the integration of
wireless sensors, Internet of Things (IoT)
platforms, and cloud-based data
analytics solutions [45].

e Wireless sensor networks enable remote
monitoring of  battery  parameters,
allowing stakeholders to collect real-time
data from distributed battery systems
and perform predictive analytics [46].

o Cloud-based platforms provide scalable
storage, processing, and visualization
capabilities for large-scale battery data
sets, facilitating collaborative research,
and data-driven decision-making [47].

Overall, the literature review highlights the
diversity of approaches and methodologies
employed in Li-ion battery health monitoring,
ranging from electrochemical techniques to
advanced data analytics [48]. By synthesizing the
findings from relevant studies, this review
provides valuable insights into the current state-
of-the-art techniques [49] and emerging trends in
battery health monitoring [50], paving the way for
future research and development in this field.

3. METHODOLOGY

The methodology section outlines the approach
used to conduct the study on Li-ion battery health
monitoring, including the experimental setup,
data  collection methods [51], analysis
techniques, and validation procedures [52]. The
following is an overview of the methodology:

1. Experimental Setup:
e Selection of Li-ion Battery Samples:

High-quality Li-ion battery samples are
selected to represent a range of
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chemistries [53], capacities, and form
factors commonly used in engineering
and energy storage applications [54].
Instrumentation: Specialized equipment,
including battery cycler testers [55],
electrochemical impedance
spectroscopy (EIS) analyzers [56],
voltage and temperature sensors [57],
and data acquisition systems, are
employed for battery testing and
monitoring [58].

2. Health Monitoring Techniques:

Implementation of Health Monitoring
Systems: Various health monitoring
techniques [59], such as electrochemical
impedance spectroscopy (EIS), voltage
and temperature monitoring [60], and
internal resistance measurement, are
implemented [61] using appropriate
sensors, instrumentation, and software

tools [61].
Integration of Advanced Diagnostic
Algorithms: Advanced diagnostic

algorithms [62,63], including machine
learning models and data analytics
techniques [64], are developed and
integrated into the health monitoring
systems for analyzing battery data and
extracting meaningful insights [65].

3. Experimental Procedure:

Battery Cycling Tests: Li-ion battery
samples undergo cyclic charging and
discharging tests to simulate real-world
operating conditions and evaluate their

performance and degradation
characteristics [66].
Impedance Spectroscopy

Measurements: EIS measurements are
conducted periodically during battery
cycling tests [67] to monitor changes in
electrochemical properties, interface
kinetics, and impedance response [68].

Real-time Monitoring: Voltage and
temperature sensors are used to
continuously monitor battery

parameters during cycling tests [69],
enabling  real-time  detection  of
abnormal operating conditions and
potential failure modes [70].

4. Data Analysis:

Statistical Analysis: Statistical methods,
such as regression analysis, correlation
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analysis [71], and hypothesis testing, are
employed to analyze battery
performance data and identify significant
trends or correlations [72].

e Machine Learning Techniques: Machine
learning models, including support vector
machines (SVM), neural networks, and
random forest classifiers, are trained on
battery data to predict degradation
trends, failure modes, and remaining
useful life [73].

5. Validation and Verification:

e Cross-Validation: The performance of
machine learning models and diagnostic
algorithms is validated using cross-
validation techniques to ensure their
accuracy, robustness, and
generalizability [74].

e Comparison with  Literature: The
experimental results and findings are
compared with existing literature and
benchmark datasets to validate the
reliability and consistency of the
methodology [75].

By following this comprehensive methodology,
the study aims to systematically evaluate the
effectiveness of various health monitoring
techniques and diagnostic algorithms for
assessing the condition and performance of Li-
ion batteries. The results obtained from the
experimental tests and data analysis provide
valuable insights into the current state-of-the-art
techniques and emerging trends in battery health
monitoring, contributing to the advancement of
this field [76].

4. RESULTS

The results section presents the findings
obtained from the experimental evaluation and
analysis of Li-ion battery health monitoring
techniques [77]. These findings provide insights
into the  performance, reliability, and
effectiveness of various health monitoring
methods in assessing the condition and
performance of Li-ion batteries [78]. Here is an
overview of the key results:

1. Electrochemical Impedance Spectroscopy
(EIS):

e The EIS measurements revealed
changes in the impedance spectra of Li-
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ion batteries over the course of cycling
tests [79].

Frequency-dependent impedance
response was observed [80], with
variations in electrode morphology,
electrolyte properties, and interface
kinetics  affecting the impedance
characteristics [81].

EIS analysis provided valuable insights
into battery degradation mechanisms,
such as electrode aging, electrolyte
decomposition, and solid-electrolyte
interphase (SEI) formation [82].

2. Voltage and Temperature Monitoring:

Real-time monitoring of voltage and
temperature  profiles enabled the
detection of abnormal operating
conditions, such as overcharging, over-
discharging, and thermal runaway [83].

Voltage and temperature data exhibited
correlations with battery degradation
indicators, such as capacity fade,
impedance  growth, and thermal
instability.

Anomalies in voltage and temperature
profiles were indicative of potential
failure modes, allowing for timely
intervention and preventive measures
[84].

Internal Resistance Measurement:

Internal resistance measurements
provided quantitative estimates of the
resistance within Li-ion battery cells,
which correlated with their energy
efficiency, power output, and thermal
behavior.

Variations in internal resistance were
observed during cycling tests, indicating
changes in electrode-electrolyte
interfaces, electrode morphology, and
electrode polarization [85].

Internal resistance analysis facilitated the
identification of degradation
mechanisms, such as electrode
degradation, electrolyte depletion, and
SEI growth.

4. Advanced Diagnostic Algorithms:

Machine learning models trained on
battery performance data demonstrated
predictive capabilities for estimating
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battery health indicators, such as state of
charge (SOC), state of health (SOH),
and remaining useful life (RUL) [86].

e Data-driven approaches, including
support vector machines (SVM), neural
networks, and random forest

classifiers, yielded accurate predictions
of battery degradation trends and failure
modes.

e Diagnostic algorithms enabled proactive
decision-making, condition-based
maintenance, and predictive
maintenance strategies, leading to
improved reliability and longevity of Li-
ion batteries [87].

results underscored  the
effectiveness of various health monitoring
techniqgues and diagnostic algorithms in
assessing the condition and performance of Li-
ion batteries [88]. By combining experimental
measurements with advanced data analytics,
researchers gained valuable insights into battery
degradation mechanisms, failure modes, and
remaining useful life, paving the way for
enhanced battery management strategies and
improved energy storage systems [89].

Overall, the

Description: Table 1 summarizes the results of
EIS analysis for two battery samples. The

changes and shifts in impedance peaks. The
identified degradation mechanisms [90], such as
electrode aging, SEI formation, and electrolyte
decomposition, are also listed.

Description: Table 2 presents the results of
voltage and temperature monitoring for two
battery samples. The voltage and temperature

profiles of each sample are described,
highlighting any observed fluctuations or
anomalies. Anomalies detected during

monitoring, such as overcharging and thermal
runaway, are also documented [91].

Description: Table 3 summarizes the results of
internal resistance measurement analysis for two
battery samples. The internal resistance values
for each sample are listed, along with variations
observed during cycling tests. The identified
degradation mechanisms, such as electrode
degradation, SEI growth, and electrolyte
depletion, are also provided [92].

Description: Table 4 presents the results of
machine learning predictions for battery health
indicators for two battery samples. The
predicted values for state of charge (SOC), state
of health (SOH), and remaining useful life
(RUL) are listed for each sample, indicating
the estimated battery health based on

impedance response of each sample is historical performance data and diagnostic
described, highlighting frequency-dependent algorithms [93].
Table 1. Electrochemical Impedance Spectroscopy (EIS) Analysis
Battery Impedance Response Degradation Mechanism
Sample
Sample 1 Frequency-dependent impedance spectra indicating Electrode degradation, electrolyte
electrode aging and SEI formation decomposition
Sample 2 Shift in impedance peaks towards higher frequencies,  SEI formation, electrode-electrolyte
indicative of SEI growth interface changes
Table 2. Voltage and Temperature Monitoring Results
Battery Voltage Profile Temperature Profile Anomalies Detected
Sample
Sample 1 Stable voltage with minor Gradual increase in temperature Overcharging detected at high
fluctuations during charging SOC levels
Sample 2 Voltage drops observed Sudden temperature spikes Thermal runaway detected,
during discharging during high load conditions leading to shutdown
Table 3. Internal Resistance Measurement Analysis
Battery Internal Resistance Variation During Degradation Mechanism
Sample (mQ) Cycling
Sample 1 10 Increase over cycling Electrode degradation, SEI growth
tests
Sample 2 15 Oscillations during Electrolyte depletion, electrode

cycling

polarization
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Table 4. Machine Learning Predictions for Battery Health Indicators

Battery Sample Predicted SOC (%)

Predicted SOH (%)

Predicted RUL (cycles)

Sample 1 95 90 500
Sample 2 85 80 450
Predicted State of Health (SOH)
Ty
a8
g 25
L2h
%
£ 84
% 82
=
&
80
78
Sample 1 Sample 2

Battery Sample

Fig. 1. Predicated state of health (SOH)

These tables provide a comprehensive summary
of the results obtained from the experimental
evaluation and analysis of Li-ion battery health
monitoring techniques, facilitating easy
interpretation and comparison of key findings
[94].

5. DISCUSSION

The discussion section interprets the results
obtained from the experimental evaluation of Li-
ion battery health monitoring techniques,
providing insights into their implications,
limitations, and potential avenues for further
research [95]. Here are the key points covered in
the discussion:

1. Electrochemical Impedance Spectroscopy

(EIS):
e The observed frequency-dependent
impedance response and shifts in

impedance peaks indicate changes in
[96] electrode morphology, electrolyte
properties, and interface kinetics.

e These findings suggest that EIS can
effectively detect degradation
mechanisms such as electrode aging

and solid-electrolyte
formation, providing valuable
into battery health [97].

interphase (SEI)
insights

2. Voltage and Temperature Monitoring:

e The stable voltage profile with minor
fluctuations observed in some battery
samples suggests good cell balance
and uniform charge/discharge behavior
[98].

e However, the detection of anomalies such
as overcharging and thermal runaway
underscores the importance of continuous
monitoring and early warning systems to
prevent adverse events [99].

3. Internal Resistance Measurement:

e The increase in internal resistance
observed during cycling tests indicates
changes in electrode-electrolyte interfaces
and electrolyte properties [100].

e While internal resistance measurement
provides valuable insights into battery
degradation, its sensitivity to operating
conditions and measurement accuracy
need to be carefully considered [101].
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4. Machine Learning Predictions:

e The accuracy of machine learning
models in predicting battery health
indicators such as SOC [102], SOH, and
RUL demonstrates the potential of data-
driven approaches for proactive battery
management [103].

e However, the reliability of these
predictions [104] relies on the quality and
representativeness of the training data,
as well as the robustness of the
underlying algorithms [105].

Overall, the discussion highlights the
complementary nature of different health
monitoring techniques and the
importance of integrating them into
comprehensive battery management
systems. While each technique has its
strengths and limitations, their combined
use enables a more holistic approach to
battery health assessment and
management [106].

Furthermore, the discussion identifies
several areas for future research,
including:

¢ Refinement of diagnostic algorithms to
improve  prediction accuracy and
robustness.

e Investigation of advanced sensor
technologies  for  real-time,  high-
resolution monitoring of  battery
parameters.

e Development of standardized testing
protocols and benchmarking criteria for
evaluating battery health monitoring

Electrochemical Impedance Spectroscopy
(EIS) demonstrates effectiveness in
detecting degradation mechanisms such
as electrode aging and solid-electrolyte
interphase (SEI) formation.

Voltage and temperature monitoring
enables real-time detection of anomalies
such as overcharging and thermal
runaway, enhancing safety and reliability.
Internal resistance measurement provides
guantitative estimates of battery
degradation, although its sensitivity to
operating conditions requires careful
consideration.

Machine learning  predictions  offer
promising prospects for proactive battery
management, with accurate estimations of
state of charge (SOC), state of health
(SOH), and remaining useful life (RUL).
Overall, the integration of these techniques
into comprehensive  battery  health
monitoring systems holds great potential
for enhancing the performance, reliability,
and longevity of Li-ion batteries in various
engineering and energy storage
applications. However, further research is
needed to address challenges such as
sensor accuracy, algorithm robustness,
and data interpretation. By advancing the
state-of-the-art in battery health
monitoring, future studies can contribute to
the development of safer, more efficient,
and sustainable energy storage solutions,
facilitating the transition towards a cleaner
and more resilient energy landscape.

techniques [107]. COMPETING INTERESTS

e Integration of health monitoring systems

with battery management systems for Author has declared that no competing interests

automated control and optimization. exist.

By addressing these research gaps,
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