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Abstract: Electric vehicles (EVs) have received widespread attention in the automotive industry as
the most promising solution for lowering CO, emissions and mitigating worldwide environmental
concerns. However, the effectiveness of EVs can be affected due to battery health degradation and
performance deterioration with lifespan. Therefore, an advanced and smart battery management
technology is essential for accurate state estimation, charge balancing, thermal management, and fault
diagnosis in enhancing safety and reliability as well as optimizing an EV’s performance effectively.
This paper presents an analytical and technical evaluation of the smart battery management system
(BMS) in EVs. The analytical study is based on 110 highly influential articles using the Scopus
database from the year 2010 to 2020. The analytical analysis evaluates vital indicators, including
current research trends, keyword assessment, publishers, research categorization, country analysis,
authorship, and collaboration. The technical assessment examines the key components and func-
tions of BMS technology as well as state-of-the-art methods, algorithms, optimization, and control
surgeries used in EVs. Furthermore, various key issues and challenges along with several essential
guidelines and suggestions are delivered for future improvement. The analytical analysis can guide
future researchers in enhancing the technologies of battery energy storage and management for EV
applications toward achieving sustainable development goals.

Keywords: battery storage; electric vehicle; battery thermal management; state of charge; state of
health; battery equalization

Batteries 2022, 8, 219. https:/ /doi.org/10.3390/batteries8110219

https:/ /www.mdpi.com/journal /batteries


https://doi.org/10.3390/batteries8110219
https://doi.org/10.3390/batteries8110219
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/batteries
https://www.mdpi.com
https://orcid.org/0000-0001-9060-4454
https://orcid.org/0000-0003-3721-0805
https://orcid.org/0000-0002-9565-0510
https://orcid.org/0000-0002-6874-9371
https://orcid.org/0000-0002-7744-6102
https://orcid.org/0000-0003-1517-7450
https://orcid.org/0000-0002-5363-6219
https://orcid.org/0000-0002-1368-0215
https://doi.org/10.3390/batteries8110219
https://www.mdpi.com/journal/batteries
https://www.mdpi.com/article/10.3390/batteries8110219?type=check_update&version=3

Batteries 2022, 8, 219

2 of 59

1. Introduction

The automobile industry has achieved several milestones toward developing reliable
and efficient technology for the safety of passengers and pedestrians [1]. On the contrary,
the rise in the number of vehicles has increased air pollution in the urban sector [2].
As per reports from the European Union, the transportation segment is responsible for
approximately 27% of greenhouse gas (GHG) emissions, while emissions from vehicular
transportation contribute to approximately 70% [3]. Hence, to tackle emission issues,
electric vehicles (EVs) have achieved wide acceptance and recognizability worldwide due
to several benefits, such as their ability to reduce GHG emissions and address global
warming issues [4-7]. EVs have emerged as a prosperous and promising alternative to fuel-
based vehicles, resulting in more simplicity, accuracy, and reliability [8]. Nevertheless, the
global trend toward their wider adoption necessitates the enhanced functionality of battery
management systems (BMS) with regard to thermal management, charging/discharging
techniques, power management, cell balancing, and monitoring [9].

Currently, BMS-based technology is useful in EV applications due to several advan-
tages, such as high power and energy density, longer life cycles, high voltage, and low
self-discharge rates [10,11]. However, the efficiency and accuracy of battery energy storage
are compromised due to their temperature and tendency toward aging [12,13]. Therefore,
it is crucial to focus on their working environment to avoid physical damage, aging, and
thermal runaways. Further, it is necessary to monitor various battery parameters such as
temperature, current, voltage, energy, temperature control, and fault identification [14]. To
introduce an effective and smart BMS for EV applications, state estimation for batteries
with regards to the state of charge (SOC), state of health (SOH), state of energy (SOE), and
remaining useful life (RUL) must be carefully performed [15]. Dai et al. [16] discussed
advanced battery management strategies for a sustainable energy future, multilayer de-
sign concepts, and research trends; the authors elucidated multilayer design concepts for
battery management systems. Hu et al. [17] reviewed second-life lithium—ion batteries
for stationary energy storage applications. BMS technology should be capable of control-
ling temperatures for safe battery operation within safe limits and of performing fault
identification and charge balancing among battery cells [18,19].

Analytical analysis refers to a research methodology that intends to deliver necessary
information, such as statistics and quantitative approaches, using library and informa-
tion science [20,21]. Analytical analysis is an essential tool for delivering insight into
particular and historical findings that can be utilized to construct future research paths for
researchers [22-24]. It has been proven an important tool for various universities, research
institutes, organizations, and industries to evaluate the quality of research by considering
various indicators such as current standing, citation, impact factors, and h-indexes [25]. A
few analytical papers have been published on BMS technology in EV applications. Table 1
represents a discussion of analytical manuscripts produced by various scholars as well
as research gaps. The focused areas of the existing analytical study include electrolytes
for sodium-ion batteries [26], recycled products and clean recovery of discarded /spent
lead-acid batteries [27], recycling methods of spent lithium—ion batteries [28], thermal
management of electric batteries [29], and thermal hazards-related research trends about
lithium—ion batteries [30]. To the best of the authors’ knowledge, no studies have conducted
an analytical analysis of BMS technology in EVs. Thus, this study presents a comprehensive
analytical analysis of BMS technology that has been conducted over the past 10 years
(from January 2011 to December 2021) to examine its evaluation, current trends, existing
issues, and problems. A comprehensive explanation of BMS operations, state-of-the-art
methods, algorithms, controllers, and optimization schemes has not been reported in detail
in previous studies.
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Table 1. Analytical analysis manuscripts and their limitations.
Focused Topics Research Gaps Year  Ref.
Analytical analysis of energy management Although the authors provided a detailed keyword analysis,
4 . . . . 2015 [31]
strategies for hybrid EVs. the top most-cited list of manuscripts was absent.
Review analysis of electrolytes for sodium-ion This survey was missing the most prominent keyword
. . . . 2016  [26]
batteries. analysis, study types, and recent article analysis.
Survey on recycled products and clean recovery The recent progress on clean recovery processes was 2019 [27]
of discarded /spent lead-acid batteries. discussed, but the research methodology was not mentioned.

Analytical analysis of the recycling methods of
spent lithium—-ion batteries.

Analytical survey on thermal management of  An in-depth analyzing methodology was highlighted, but the

EVs.

Analytical study of thermal hazards related to
research trends about lithium—ion batteries.

The average citation per year was not considered. Hence,
recent manuscripts were missing in this analysis. The authors 2020 [28]
did not include the main issues and challenges.
topmost cited article analysis was missing. 2020 129
Although the authors provided a detailed analysis of
keywords, the surveying methodology and recent research 2021 [30]
trends were missing.

To bridge the aforesaid research limitations, this study unveils new contributions
with a detailed investigation and critical discussion of analytical and technical assessment
for BMS technology in EV applications. The innovative contributions of this review are
highlighted below.

e  This analytical study examines the highly influential manuscripts in BMS technology
for EV applications covering various vital aspects, including study type, subject area,
co-occurrence keywords, publishers, influential authors, and dominant countries.

e A critical analysis of the BMS components, functions, state-of-the-art methods, algo-
rithms, optimizations, and controllers for BMS technology are presented, highlighting
objectives, strengths, and weaknesses.

e  The current issues, challenges, and limitations of BMS technology in EV applications
are explored.

e  Future emerging directions and guidelines are delivered for the advancement of smart
battery storage technology in EV applications.

The rest of the paper is organized into six sections. Section 2 presents the different
surveying methods, inclusion and exclusion criteria for the articles, data selection processes,
publication trends, data extraction methods, and research characteristics. Section 3 outlines
the analytical discussion which considers citation analysis, the distribution of highly cited
papers, analytical analyses of keywords, the research area, publications, and authorship.
Section 4 depicts the technical evaluation of smart BMS technology, focusing on state-of-the-
art methods, algorithms, optimizations, and controller schemes. Section 5 covers issues and
challenges for BMSs in EV applications. Finally, conclusions and future recommendations
are covered in Section 6.

2. Surveying Methods for Analytical Evaluation

The search to obtain the appropriate number of research articles based on BMS tech-
nology in EV applications was performed in the fourth week of March 2022. The Scopus
database utilized to conduct the necessary search and select articles indexed in various
journals from 2011 to 2020 was chosen to perform the analytical analysis. The main aim of
the current study is to present state-of-the-art development in battery management schemes
over the last 10 years and understand the features of highly cited articles. The necessary
keywords such as state of charge (SOC), state of health (SOH), remaining useful life (RUL),
thermal management (TM), battery charge equalization (BCE), and fault diagnosis and
protection (FDP) were applied to find relevant articles for the proposed analytical analysis.
Due to resource limitations, the “English Language” filter was used to limit the number
of manuscripts found. The manuscripts obtained were organized according to “times
cited-highest to lowest” criteria. Further, the “exclude self-citations” filter was employed in
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the Scopus database to avoid “self-citations” from highly cited articles. Several resourceful
manuscripts were obtained by considering various criteria such as the title, abstract, key-
words, novelty, citations, and subject area. The comprehensive screening and data selection
procedures are depicted in Figure 1.

(a) Screening Method

5. Final Screening

A sum of 110 (n=110) highly influential articles were
analyzed based on scope and subject areas by
excluding composite materials, electrolytic analysis,
battery chemistry, and nanostructures.

4. Fourth Screening

Fourth screening was carried
out to find those with more
than 80 citations and, therefore,
a sum of 120 (n=120) articles

110 were identified.
1. Primary Screening
A total of 2760 (n= N/
27160)t n;gnlltsklcrlpt§ were 2760 \120 3. Third Scrgening
selected m the primary Third screening was
search. conducted using “English

Language” filter and,
I subsequently, a sum of 2584
g (n=2584) manuscripts were
2584 chosen.

2. Second Screening
Second screening was
performed from 2011 to

2020 and accordingly, a “
sum of 2595 (n=2595) \

manuscripts were found. 5 2595
\ J
(b) Review Results \\
- - ) Analytical assessment of BMS
Surveying methods -Publication trends.
-Criteria for inclusion and exclusion. -Citation structures
Review of Lithium- -Screening procedures I ioati :
€ - . {——pp| -Investigation of keywords.
ion BMS in EVs -Research trends. -Study t%r)pics. ™ )
-Data extraction. -Documents category assessment.
-Study characteristics and results. -Authorship verification.
. J . J
( ogs h s A (

Future opportumges' Constraints, issues, and challenges Technical evaluation of BMS

Future recommendations -Algorithms/methods issues. -BMS operations, and

age prov::ldeld to.céfvelop -Optimization integration issues. functionalities.

advanced algorl dms, <= -Controller execution issues. @@= -State-of-the-art methods, and  |€’

Optumlzlatlocrll:l Gt ] -Charging imbalance issues. algorithms.

controller schemes for -EV regulations, policies, and -Optimization schemes.

BMS in Evs. decarbonization target. -Controller strategies.

. J & J

Figure 1. Methodology of extracting data and article selection from the Scopus database.
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2.1. Process of Data Selection

e Based on the utilization of appropriate keywords, the primary screening from the
Scopus database delivered 2760 articles (1 = 2760).

e  The second screening was performed by employing year limitations from 2011 to 2021
and, accordingly, a sum of 2595 (n = 2595) manuscripts were found.

e In the third phase of screening, the articles” necessary selection was completed by
applying the “English language” filter, which delivered 2584 (1 = 2584) articles.

e In the fourth assessment phase, only 120 (1 = 120) highly cited manuscripts comprising
80+ citations were extracted.

e In the final evaluation stage, 10 articles were manually excluded from the search
database based on subject areas such as battery chemistry, electrolysis analysis, mate-
rial composition, electrochemical reaction, and nanowires and, subsequently, highly
relevant 110 (n = 110) articles consisting of journal articles, review papers, and confer-
ences were considered for carrying out the analytical analysis.

2.2. Research Trends

Globally, a significant amount of research has been carried out to develop a manage-
ment scheme and technology for battery energy storage in EV applications. As per the
Scopus database, the first article on lithium—ion BMS for EV application was published
in 2011 [32]. There have since been numerous techniques and models developed by re-
searchers and industrialists to integrate BMS in EVs. The initial phase of article selection
for lithium—ion BMS for EV applications from 2011 to 2021 is presented in Figure 2. As ob-
served from Figure 2, there was an upward trend in research around the globe from 2011 to
2021, which depicts the enthusiasm and research curiosity among research communities re-
garding the progress of BMS for EV applications. As observed, a total of 1120 manuscripts
were published from 2019 to 2021, whereas 1080 articles were published from 2015 to
2019. The current trend suggests an increase in the number of publications in recent years
(2019-2021) due to wide applications of BMS in EVs toward achieving the decarbonization
target by 2050.

607

461 o

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Year

Figure 2. Research trends between the years 2011 and 2021.

2.3. Data Extraction

Data collection was carried out by utilizing the Scopus database and articles were
selected individually to perform the analytical analysis. The extracted data from the
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110 highly cited manuscripts consisted of the following features: (1) 110 highly cited

manuscripts published between 2011 and 2020. (2) Type of research activity (review /problem
formulation. (3) Research field. (4) Name of the publisher. (5) Name of the journal.

(6) Journal impact factor (JIF). (7) Most prolific authors. (8) Affiliated country. (9) Title of

the article. After performing the necessary data extraction with the 110 selected articles, an

observation was presented to provide insight into lithium—ion BMSs in EV applications.

2.4. Research Characteristics

During the initial screening phase, 2760 articles were extracted from the Scopus
database. Further, 110 highly cited manuscripts were obtained after undergoing several
stages of filtering. The included manuscripts in the proposed analysis are tabulated in
Table A1 with the digital object identifier (DOI), author’s name, journal and publisher name,
year of publication, affiliated country, total citations, and citation in the last 5 years for
respective articles. The total number of citations for the chosen manuscripts was calculated
as 22,364 (mean: 201.47; median: 130; range: 86-2516). Overall, 91 articles from different
journals were cited more than 100 times and a further 78 articles were cited over 100 times
in the last 5 years. Some of the highly influential research articles with more than 500 cita-
tions in the previous 5 years were published by Lu et al. [33], Bandhauer et al. [34], and
Hannan et al. [35].

3. Analytical Evaluation and Critical Discussion

This section delivers an analysis and constructive discussion of various key indicators of
BMS technology in EVs, which are discussed comprehensively in the following subsections.

3.1. Citation Analysis of the 110 Highly Influential Articles

The citation parameter for a specific research field is important for categorizing and
evaluating state-of-the-art trends. Further, citation information depicts a journal’s impact
as well as the impact of a single publication. In this analysis, the objective is to describe the
most significant manuscripts in the research field of BMS technology in EV applications.
Table Al presents the 110 highly cited manuscripts from 2011 to 2020 in the research area of
BMSs in EV applications from the Scopus database and provides information for conducting
future research activities. It is observed from Table A1 that the number of citations for each
of the 110 manuscripts varies, with the maximum citation being 2516 and the minimum
being 86. Further, the first six highly cited manuscripts contain more than 500 citations.
Due to the high applicability of the research field, 91 out of the 110 manuscripts have been
cited more than 100 times since the date of their publication. The review work published
by Lu et al. [33] in 2013 was the most cited, with 2516 citations, while the research article
from Bracco et al. [36] was the least cited, with 86 citations.

The most cited article in the research field of BMSs in EV applications, titled “A
Review on the key issues for lithium—ion battery management in electric vehicles,” was
published by Lu et al. [33] in The Journal of Power Sources, with 2516 citations and an impact
factor of 9.127. The article presented a literature review of lithium—ion battery-based BMS
issues regarding state estimation, fault diagnosis, battery cell voltage measurement, etc.
Further, key issues were outlined for future research activities to develop an efficient and
robust BMS. Additionally, Bandhauer et al. [34] presented the second-most-cited review
manuscript, titled “A Critical Review of Thermal Issues in Lithium—ion Batteries.” The
review article presented an insight into thermal issues occurring in lithium—ion batteries and
their effect on capacity and power fade. The article took the second spot with 978 citations
and was published in 2011 by Journal of the Electrochemical Society, with an impact factor
of 4.316. Lastly, the third most influential review, with 618 citations, was published by
Hannan et al. [33], titled “A review of lithium—-ion battery state of charge estimation and
management system in electric vehicle applications: Challenges and recommendations.”
The article was published in Renewable and Sustainable Energy Reviews in the year 2017. The
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review article focused on SOC estimation techniques and their management systems for
developing future sustainable EV applications.

3.2. Distribution of 110 Highly Cited Articles between 2011 and 2020

The distribution of the 110 most-cited manuscripts in the research field of BMS tech-
nology in EV applications from 2011 to 2020 is depicted in Figure 3. The analytical graph
shows that the number of manuscripts published in 2011 and 2012 is 7 and 6, respectively,
while the years 2014 and 2015 showed an upward trend, with the number of published
manuscripts being 17 and 19, respectively, which further decreased in the years 2016 and
2017. Later, in 2018, the number of published articles again increased to 12, which decreased
to 5in 2019. Overall, the number of published manuscripts from 2012 to 2015 indicated
an upward trend, while, in general, manuscripts published from 2015 to 2019 displayed a
downward trend.

2014, 18 2015. 18

2018, 14

2017, 9

2020, 2

2012 2013 2014 2015 2016 2017 2018 2019 2020

YEAR

Figure 3. Distribution of 110 most cited papers from 2011 to 2020.

3.3. Analytical Analysis of Co-Occurrence Keywords

The top 15 keywords utilized in various articles from selected databases published
from 2011 to 2020 are presented in Figure 4. Significant research gaps can be evaluated
from the conducted analysis and an understanding of the research field can be acquired.
As observed in Table A1 and Figure 4, the most influential keywords were “lithium—ion
battery,” “battery management system,” and “electric vehicle.” The statistical analysis
revealed that the keyword “lithium—ion battery” was utilized 52 times, whereas both
“battery management system” and “electric vehicle” were applied 32 times. Furthermore,
some other crucial keywords utilized in recent years were “battery charging/discharging,”
“temperature,” “controller,” and “methods/algorithms,” suggesting more research activities
toward developing accurate and robust BMSs for EV applications. A pictorial representation
of the important keywords is displayed in Figure 4.
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Figure 4. Top 15 widely utilized keywords distributed over the 110 most cited articles in BMS
technology for EV applications.

Table A1 (Appendix A) and Figure 4 reveal that current research activities focus
more on integrating BMSs with EV applications to deliver a long-term platform to achieve
sustainable development goals (SDGs), specifically SDG7, by 2030 by introducing state-of-
the-art algorithms, optimizations, and controller techniques. Further, an understanding
can be obtained of the articles that achieved a lot of citations in the past 5 years and those
with a high average citation per year (ACY).

The co-occurrence keyword analysis of the most cited articles in lithium ion-based BMS
technology for EV applications is presented in Figure 5 using VOS viewer software. The
impact of keywords determines the diameter of the circle and label, whereas the linking line
between keywords is shown as a continuative connection. The keywords are categorized
into four clusters: red, blue, yellow, and green. Distinct colors are used to designate
different clusters based on the topic of expertise. The most prominent cluster is the red
cluster, followed by the green cluster. Strong relationships were found between topics in
the red clusters, which consisted of thermal management systems, phase change materials,
heat generation, cooling, thermal management (electronics), thermal performance, cooling
systems, thermal analysis, battery packs, and automotive batteries. The green cluster
showed a strong link between battery health estimation components, including lithium—ion
cells, battery, state of health, state of charge, algorithms, extended Kalman filters, estimation,
and state-of-charge estimation. The blue cluster represents battery management systems,
temperature, digital storage, plug-in hybrid electric vehicles, learning systems, batteries,
and neural networks. The smallest cluster is the yellow cluster, containing only seven
components, including electric vehicles, electric discharge, lithium compounds, circuit
theory, equivalent circuits, energy management, and vehicle applications.
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Figure 5. Representation of co-occurrence keywords for analytical analysis of BMS technology for EV
applications.

3.4. Research Categories in 110 Highly Cited Manuscripts

The study types of the 110 topmost highly cited manuscripts obtained from the Scopus
database are presented in Table 2. Primarily, a vast, resourceful article was published
under the category of problem formulation and simulation analysis (59.45%) in the citation
range of 98-350. A review article achieved the second position (24.32%), with a citation
range of 120-2516. In comparison, the experimentation and performance assessment
activities contributed to 8.1% of the total number of articles, with a citation range of
177-311, whereas state-of-the-art technical work represented only 4.5% of articles. The
observational manuscripts were the least published and made up only 3.6% of articles from
2014 to 2019, with a citation range of 86-354.

Table 2. Study types of the 110 highly cited manuscripts in the Scopus Database.

Types of Manuscripts Frequency of Publications  Year Range  Citation Range
Problem formulation and simulation analysis 66 2011-2019 98-350
Review (systematic/nonsystematic) 27 2011-2019 120-2516
Experimental work, development, and performance assessment 9 2013-2018 177-311
State'ij‘};eer'jf;ieChmcal 5 2012-2018 117-286
Observational 4 2014-2019 86-354

In the present scenario, many research activities are being undertaken to shift the
global trend from fossil fuel-based vehicles to EV applications due to the significant ad-
vancement of BMSs for EV applications. Of the 110 most cited manuscripts, the selected 27
review articles summarized in Table 2 were published in different research fields in BMS
technology. For instance, review articles on BMSs for EV applications were published by
Kim et al. [37] and Xia et al. [38]. The works focused on battery thermal issues, reviewing
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various battery thermal management systems along with their benefits and limitations and
thermal management strategies. Rezvanizaniani et al. [39] and Li et al. [40] carried out
work on battery state estimation and health prognostics. Several key topics were outlined
and discussed, such as SOC and SOH estimation techniques, strengths, and limitations
to utilizing online BMS applications with future recommendations. A comprehensive
description of current lithium—ion technology for EVs was reviewed by Miao et al. [41]
who provided a comparative analysis of important components of lithium—ion batteries
with other battery technologies and further described the approach for enhancing battery
lifespan, accuracy, and capacity. Chemali et al. [42] framed a review article to present an
overview of various battery/ultracapacitor technologies, energy management systems, and
hybrid energy storage systems.

3.5. Publisher and Highly Impactful Journals Assessment

The publication of the 110 most-cited manuscripts from 2011 to 2021 under various
publishers is presented in Figure 6. From the manuscripts chosen from the Scopus database,
most were published by Elsevier journals (61%). IEEE journals published the second-
highest number of manuscripts (30%). The third spot was acquired by MDPI journals (4%).
The rest of the most cited articles were published by IOP publishing, John Wiley and Sons,
SAGE Publishing, and Inderscience Publishers.

30% 4

1% 61%
1% N
2% _// J
1%
4% j
B 1EEE M Elsevier B MDPI AG
[l 1OP Publishing B John Wiley and Sons, Inc. [l SAGE Publishing

Kl Inderscience Publishers

Figure 6. Distribution of published manuscripts according to publishers.

The publication frequency of the articles in various journals as well as their impact
factor is illustrated in Figure 7. The 110 most cited articles selected from the Scopus
database were published in 21 peer-reviewed journals. The journal impact factor varied
from 3.004 (Energies) to 14.982 (Renewable and Sustainable Energy Reviews), as per Journal
Citation Reports. It can be observed from Figure 7 that The Journal of Power Sources pub-
lished the highest number of manuscripts (44), followed by Applied Thermal Technology and
IEEE Transactions of Vehicular Technology, with nine publications. Energy Conversion and
Management published six articles; IEEE Transactions on Industrial Electronics and Renewable
and Sustainable Energy Reviews also published some articles. The remaining 15 journals
published five or less than five manuscripts between 2011 and 2021.
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Figure 7. Distribution of 110 most cited research articles, indicating journal of impact factor and

publisher.

As depicted in Figure 7, Renewable and Sustainable Energy Reviews achieved the highest
impact factor of 14.982. The publication frequency remained at 5.40%, while IEEE Transac-
tions on Industrial Informatics achieved the second-highest impact factor of 10.215, with a
publication frequency of a mere 0.909%. The top three journals with the highest number of
published manuscripts (55.85%) were within the impact factor range of 5.295 to 9.127.

3.6. Country Analysis and Networking in 110 Most Cited Articles

The distribution of the selected articles for analytical analysis was among several coun-
tries. Figure 8 depicts the top 10 countries with the highest number of publications. China
secured first place in publishing the highest number of articles (38%), while the United
States achieved the second position (35%). The other countries published a cumulative
percentage of 27% of the articles. Figure 9 presents the connection diagram to depict the
impact of 14 countries on the publication trend. It presents a networking diagram to depict
the impact of 14 countries on the publication trend. The size of each label denotes the
impact of each country, whereas the width of the connecting line denotes the collaborative
approach from the researchers from different countries in the field of smart battery energy
management technology in EV applications. From the statistical analysis, Figure 9 can
provide a clearer idea about the countries that are the most prominent and enthusiastic in
this field of research. The dominant cluster is denoted with a green color and comprises
China, the United States, Denmark, Canada, and Mexico. In contrast, the second impactful
cluster is displayed in red, with South Africa, Sweden, the United Kingdom, and Belgium
as its key connections. The blue cluster comprises two countries, Italy and Germany, and
the yellow cluster includes South Korea and Singapore. Lastly, Australia represents the
only country in the purple cluster.
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Figure 8. Distribution of the 110 most cited research articles in 10 countries with the most publications.
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Figure 9. The networking diagram to represent the impact of 14 countries on the publication trend in
BMS technology for EV applications.
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3.7. Most Prominent Authors and Collaborations

Information concerning the 10 most influential authors published twice or more in the
110 selected manuscripts is presented in Table 3. The author’s position, h-index, number
of citations, total number of articles, country, and current affiliation are tabulated. Rui
Xiong published 11 articles with an h-index and total citations of 55 and 10,111, respectively.
Currently, he is affiliated with the Beijing Institute of Technology, China. Out of 11 published
articles by Rui Xiong, there are 10 research articles and 1 review manuscript. Hongwen
He also belongs to the Beijing Institute of Technology and contributed to seven research
articles. Additionally, Jiangiu Li, Languang Lu, Minggao Ouyang, and Xuebing Han
published seven articles affiliated with Tsinghua University, China. Their contribution
toward review articles was limited to one, while the research group published four research
articles. Michael G. Pecht from the United States had the highest number of citations (23202)
among all 10 authors. Dirk Uwe Sauer from Rheinisch-Westfélische Technische Hochschule
Aachen, Germany, had the most citations (11,182) after Michael G. Pecht. The last two
spots were acquired by Fengchun Sun from the Beijing Institute of Technology, China,
and Ephrem Chemali from McMaster University, Canada, respectively. Fengchun Sun
published four research articles, while Ephrem Chemali published one review article and
two research articles.

Table 3. Ten most prolific authors’ profiles with 3 or more manuscripts.

Author Current Affiliation Country Articles Citations h-Index Auth?r S
Position

6- 1st author

Rui Xiong Beijing Institute of Technology China 11 10,111 55 4- Co-author

1- Senior author

2- 1st author

Hongwen He Beijing Institute of Technology China 7 8199 40 4- Co-author
1- Senior author

.. .1 . . . . 6- Co-author
Jianxiang Qiu Li Tsinghua University China 7 10,468 52 1- Senior author

. . . . 1- 1st author

Languang Lu Tsinghua University China 7 9379 46 6- Co-author

1- 1st author

Minggao Ouyang Tsinghua University China 7 18,305 68 5- Co-author
1- Senior author

Xuebing Han Tsinghua Universit China 5 6391 32 3- Istauthor

& & y 2- Co-author
Michael G. Pecht University of Maryland United States 4 23,202 71 4- Senior author

. Rheinisch-Westfalische .

Dirk Uwe Sauer Technische Hochschule Aachen Germany 4 11,182 50 4- Senior author

. . 1- 1st author

Fengchun Sun Beijing Institute of Technology China 4 8175 47 3- Co-author

Ephrem Chemali McMaster University Canada 3 489 8 3- 1st author

The focused areas and research interests in the problem formulation of different au-
thors varied. For instance, Rui Xiong and Hongwen He primarily focused on battery state of
charge and capacity estimation [43-46], battery model-based energy management schemes
for EV applications [47,48], and the development of a hardware-in-loop approach for state
estimation [49]. Further, Rui Xiong focused on performing a critical review based on SOH
methods for BMS [50]. However, Jiangiu Li, Languang Lu, Xuebing Han, and Minggao
Ouyang from Tsinghua University developed review articles based on battery management
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issues [33] and SOC estimation techniques [51] for EV applications. Additionally, their
research articles concentrated on SOH estimation [52,53].

As per the discussion and evaluation from other perspectives on the 110 most cited
manuscripts from the Scopus database, it can be concluded that the majority of influ-
ential manuscripts published in recent years have been based on research work rather
than review activity. The recent trend suggests an inclination from the research fraternity
toward introducing an accurate, robust, and efficient BMS for the EV platform. Further-
more, battery state estimation plays a crucial role, which can be estimated using several
methods [13,48,54—61]. Different researchers carried out a variety of literature reviews that
emphasized topics related to BMSs, including battery SOC estimation, SOH prediction, and
thermal management.

A co-authorship analysis of the most prominent authors published twice or more
from the selected database is presented in Figure 10. A total of 304 authors were identified
from the selected 110 articles on lithium ion-based BMS technology for EV applications.
Among the 304 authors, only 60 authors contributed to publishing two or more articles.
Only 27 authors were found with interconnection and were categorized into five different
clusters according to the number of published documents, as presented in Figure 10. Rui
Xiong from China had the highest number of published articles, with 11 papers, including
4 articles with Hongwen He, 2 with Fengchun Sun, 1 with Michael G. Pecht, and 1 with
Chunting Chris Mi and ]. Xu. Van Mierlo Joeri from Vrije Universiteit Brussel contributed
three articles with Y. Li, K. Liu, M. Berecibar, P. Hossche and N. Omar.

zhaw, k.

ligpk.
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Figure 10. Co-authorship analysis of the selected most cited articles in the field of BMS technology
for EV applications.

4. Technical Evaluation of BEMS in EVs

This section critically discusses the various technical aspects of BMS, focusing on key
components, functions, algorithms, methods, optimizations, and control schemes in BMS
in EV applications.

4.1. Key Components and Functionalities of BMS

This section reveals the key components and functionalities of BMS. A detailed evaluation
of various key research domains of BMS technology is provided in the following subsections.

4.1.1. Battery Thermal Management

Battery thermal management is a vital issue concerning battery energy management
systems. Tang et al. [62] modeled and analyzed the coupling system of a liquid-cooled bat-
tery thermal management system (BTMS) and heat pump air conditioning system (HPACS)
for battery electric vehicles (BEVs) to predict cooling capacity and system coefficient of
performance (COP) of the BTMS using support vector regression (SVR). The correlation
coefficient (R) of cooling capacity and system COP for the proposed PSO-SVR model were
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improved by 2.1% and 2.8, respectively [63-65]. The development of battery thermal
management solutions and thermal models was discussed by Wang et al. [63]. Thermal
runaway and the response of Li-ion batteries in cold temperatures were also investigated.

Moreover, a specific design for an air-cooled battery system was theoretically explored
and numerically designed by Park et al. [64] to determine the required thermal parameters.
As a typical battery system in HEV comprises several battery cells stacked on top of each
other, cooling performance is influenced mainly by airflow in the coolant channel. The
authors revealed that the advection thermal resistance was approximately 2.4 °C W~1.
Zhao et al. [65] developed a model where thermal-lumped treatment was applied to the
individual battery in the module. The authors analyzed the impacts of the interface area of
the battery and the channel outside the wall, heat exchange area between batteries, liquid
flow rate, and charge/discharge C-rate on the thermal behavior of the battery module using
the introduced strategy. The maximum temperature in the battery module was lowered by
approximately 12.5 K.

4.1.2. State of Charge

State of charge (SoC) is considered one of the core research areas in battery energy
management systems. Most of the selected papers introduced new methods and approaches
to estimate the SoC. Tian et al. [66] introduced a deep learning approach to estimate the SOC
of LiFePOy batteries. A closed-loop framework was developed for improving robustness.
The proposed method could quickly adapt to new scenarios via transfer learning. The root
mean square error was less than 3.146% and 2.315% for aged batteries and different battery
types, respectively [35]. The energy-sharing SOC balancing control strategy presented by
Huang et al. [67] was based on a distributed BESS architecture in which the cell balancing
and DC bus voltage regulation systems were merged into a single system. Small power
converters were used to provide SOC balance between the battery cells and DC bus voltage
management. The authors revealed that the overall efficiency of the complete system was
95-97%. Based on the measured current and voltage, an ANN-based battery model was
designed by He et al. [68] to estimate SOC. The neural network-based SOC estimation
was improved by using an unscented Kalman filter. The proposed model was validated
using EV drive cycles under various temperature settings. A SOC technique based on a
thorough electrochemical model of a lithium—ion battery was presented by Klein et al. [69].
The authors presented an output error injection observer based on a reduced set of partial
differential-algebraic equations. The authors revealed that the SOC error was less than 10%.

4.1.3. Energy Management Strategies

Zhou et al. [70] introduced a heuristic rule-based local controller (LC) embedded
within the deep reinforcement learning (DRL) loop to eliminate irrational torque allocation,
considering the characteristics of powertrain components. The authors reported that the
robustness was approximately 92.95 &+ 1.24. Hannan et al. [71] delivered a thorough
examination of state-of-the-art lithium—ion batteries, including primary structures and
overall performance evaluation along with battery fault diagnosis, temperature control,
heat management, protection and equalization, state estimation, charge and discharge
control, cell condition monitoring, and assessment aimed at improving overall system
performance. The price of a Li-ion battery pack is 25-30% of the price of an electric car.
A comparison of several EMSs for an electric aircraft’s fuel cell-based emergency power
supply was presented by Njoya et al. [72]. Supercapacitors, lithium—ion batteries, and fuel
cells with the integration of DC-AC and DC-DC converters were thoroughly discussed.
According to the analysis, the equivalent consumption minimization model, frequency
decoupling/fuzzy logic control, classical proportional-integral control, rule-based fuzzy
logic model, and state machine control strategy were among the most commonly used
EMSs in fuel-cell vehicle applications.
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4.1.4. Battery Materials and Technology

Battery materials and technology are a crucial part of battery energy management
systems. Various authors have evaluated battery materials and relevant technologies. For
example, Li et al. [73] built a sandwiched cooling structure out of copper metal foam
saturated with phase change material (PCM). The system’s thermal efficiency was tested
and compared to two control stages including cooling with pure PCM and cooling with air.
The findings revealed that thermal management using natural convection air could not meet
the lithium—ion battery’s safety requirements. The paraffin remained in a solid state for the
lower discharge rate of 0.5 C. For EV battery strings, a modularized charge equalization
based on the monitoring integrated circuit (IC) was introduced by Kim et al. [74]. The
suggested technique achieved effective charge equalization while keeping the monitoring
IC under easy control. Instead of a dedicated charge equalizer for each cell, a central
equalization converter in the master module was used. This proposed control strategy
reduced the SOC error gap from 21.3% to approximately 1.3%.

4.1.5. Battery Modeling

Battery modeling plays another crucial role in battery management strategies. Nu-
merous authors have developed new and improved battery modeling methods in their
research. For example, He et al. [75] compared and evaluated an improved Thevenin
model, including PNGV, RC, and Rint, called dual-polarization (DP). Moreover, the authors
added an extra RC to mimic electrochemical and concentration polarization separately.
The authors found that the SOC terminal error was within 1.56%. To construct a battery
model with sufficient precision and complexity, He et al. [76] first outlined the seven sample
battery models under the simplified electrochemical or comparable circuit categories. The
model equations were then formulated and model parameters were determined using
an online parameter identification method. For constructing a model based on an SoC
estimate strategy, a parametric modeling method was introduced by Sun et al. [77]. The
proposed approach estimated the SoC of selected and unselected cells using micro and
macro time scales.

4.1.6. Fault Diagnosis and Protection

Fault diagnosis and protection are vital parts of battery energy management systems.
Here, different authors explored different fault diagnosis strategies, while some authors
also outlined fault protection strategies. For instance, Chang et al. [78] proposed a medium-
time scale diagnosis method to detect battery micro-faults. Medium-time scale fault real
vehicle data were used to verify the effectiveness of the method. An optimized heat pipe
thermal management system (HPTMS) for fast-charging lithium-ion battery cells/packs
was introduced by Ye et al. [79]. A numerical strategy was created and thoroughly validated
using experimental data. The thermal performance of the HPTMS was then investigated
using this proposed model under transient situations and steady-state conditions. The
authors demonstrated that the lithium—ion batteries charged at a high C rate (up to 8 C rate).
Hendricks et al. [80] demonstrated how the failure modes, mechanisms, and effects analysis
(FMMEA) of battery failure can be used to improve battery failure mitigation control
systems. The average error was less than 1.2% at each temperature.

4.1.7. Remaining Useful Life

Wang et al. [81] adopted several statistical methods to perform the prediction and com-
pared the results of different models on experimental data (NASA dataset). The maximum
predicted end of life (EOL) was 1602, with a difference rate of 1.14%.
Dong et al. [82] focused on two key ways of determining a battery’s health: (1) RUL
prediction and (2) battery SOH monitoring. These were calculated using the support vector
regression-particle filter (SVRPF). Novel capacity degradation criteria were included in
models for battery SOH monitoring based on SVR-PFE. Furthermore, an RUL prediction
technique was introduced, offering the RUL value and updating the RUL probability distri-
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bution to the end-of-life cycle. The RUL threshold value was changed to 85% of nominal
capacity. Rezvanizaniani et al. [83] examined battery prognostics and health management
(PHM) strategies, focusing on the important needs of battery producers, EV designers, and
EV drivers. A range of methodologies for monitoring battery health status and perfor-
mance, and the evolution of prognostics modeling tools, were also discussed. This study
aims to provide practical and cost-efficient solutions for dealing with battery life difficulties
in dynamic operation situations.

4.1.8. Vehicle Performance Assessment

Vehicle performance assessment is directly related to the battery energy management
system. Hence, numerous authors have examined vehicle performance assessment-related
issues. For example, Rezaei et al. [84] proposed a single PCM heat exchanger in a reversible
heat pump for the air conditioning of EVs. PCM increased the EV range by 19% and 11%
in cooling and heating modes, respectively. The proposed system increased the vehicle
range by 19% and 11% compared with the conventional heat pump systems. Ecer et al. [85]
introduced a novel integrated multiple criteria decision-making (MCDM) model for BEV
selection. The suggested aggregation framework was capable of assisting customers,
decision-makers, and authorities to make reliable decisions in evaluating BEVs. Methods
for monitoring the SOH, SOC, available power, capacity, RUL, and impedance parameters
of batteries were examined by Waag et al. [86]. Here, the authors focused on the strengths
and shortcomings of online BMS applications. Omar et al. [52] carried out a comparative
performance evaluation among several lithium-ion battery characteristics and rechargeable
ESSs, including electrical-double layer capacitors, nickel-metal hydride, and lead-acid. The
investigation revealed the advantages of lithium—ion batteries in achieving satisfactory
current rate capabilities, power density, and energy density.

4.1.9. Energy Utilization and Efficiency

Energy utilization and the efficiency of battery storage systems are of vital concern to
scholars. Hence, many studies have been conducted on enhancing energy consumption
and efficiency in EV applications. For example, Zhang et al. [87] proposed an energy-saving
optimization and control (ESOC) method to improve the energy utilization and efficiency
of autonomous electric vehicles. The proposed ESOC effectively avoided the high-power
output of the vehicle’s powertrain. Einhorn et al. [88] introduced an active cell energy
balancing solution for lithium—ion battery stacks based on a flyback DC/DC converter
topology. Simulation and prototype validation were performed to determine the energy
gain for 10 series-connected cells during discharge cycles. The efficiency of the proposed
topology was improved by utilizing the capacity and SOC as the balancing criterion
rather than the voltage. The usable energy of the battery stack was improved by 15%.
Zheng et al. [89] focused on error analysis to determine the energy utilization and SOC of
lithium—ion batteries, considering the measured data, state parameters, and algorithms. A
flow diagram was developed to investigate energy consumption and error sources, ranging
from signal measurement to algorithms for online SOC estimate methods in EVs.

4.1.10. Aging and Battery Degradation

Another important concern in battery energy management systems is aging and
battery degradation. Many studies have been performed to solve aging- and battery
degradation-related issues. For example, Xu et al. [90] proposed a Q-learning-based strategy
to minimize battery degradation and energy consumption. Besides Q-learning, two rule-
based energy management methods have also been proposed and optimized using a
particle swarm optimization algorithm. Q-learning reduces battery degradation by 20%
and extends vehicle range by 2%. The RUL and SoC estimation were tested against
temperature uncertainty and incorrect primary SOC values by Xiong et al. [91]. A double-
scale particle filtering model was created on two different timescales to predict SOC and
other characteristics. The suggested strategy considered the battery parameter in short
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time-varying features and the battery state in swift time-varying characteristics. The
maximum SOC estimation and prediction errors were both less than 2%. Han et al. [92]
examined battery life cycles based on the actual operating conditions in EVs. The test results
were compared among five different commercial lithium—ion battery cells at different
temperatures. The results of the life cycle experiments were fitted to the genetic algorithm
to recognize the battery aging mechanism.

4.1.11. Battery Equalization/Charge Control

To enhance battery charge efficiency, battery equalization/charge control plays an
important role in battery energy management systems. Therefore, many in-depth investi-
gations have been conducted in this area. For instance, Shang et al. [93] proposed a direct
cell-to-cell battery equalization based on a boost DC-DC converter (BDDC) and quasi-
resonant LC converter (QRLCC). The QRLCC was used to achieve zero-current switching,
reducing power losses. The BDDC was used to increase the equalization voltage gap. Fur-
thermore, the topology could limit the equalization current based on the voltage difference
by changing the duty cycle. The authors revealed that the energy conversion efficiency
was higher than 98%. Duong et al. [94] presented a unique technique that combined a
simple model with multiple adaptive forgetting factors recursive least-squares (MAFEF-
RLS) to properly capture the battery cell balancing under varying dynamic conditions.
The experimental outcomes indicated that the proposed technique could characterize the
battery model parameters while estimating SOC with a battery cell balancing error of less
than 2.8%.

4.1.12. Validation under Different Operating Conditions

An appropriate validation process under different case studies and operating condi-
tions must be introduced to verify the performance of algorithms and controllers.
Schuster et al. [95] proposed the electrochemical and thermal coupled model to exam-
ine the heating performance of lithium-ion batteries under mutual pulse, convective, and
self-internal heating. Klass et al. [96] employed the SVM technique to predict the SOH
of lithium—-ion batteries under different SoCs and temperature ranges in EV applications
to assess online battery degradation. A 30% difference in impedance resulted in a 60%
difference in peak cell current. Hannan et al. [97] verified the machine learning-based SOC
estimation technique under different temperatures and in diverse EV drive cycles. The
battery capacity and error rate decreased as the aging cycle progressed. A summary of the
comparative study of various BMS functions is presented in Table 4.

4.2. State-of-the-Art Algorithms, Optimizations, and Controllers Applied in BMS Technology
in EVs

This section discusses recent and state-of-the-art algorithms, optimizations, and con-
trollers applied in BMS technology for EV applications. A detailed technical comparison is
carried out, emphasizing target, input features, structures, configurations, dataset, accuracy,
and strengths and weaknesses.

4.2.1. Algorithms and Methods in BMS

Recently, several algorithms have been implemented in BMSs for EV applications. The
execution of algorithms and methods is conducted in BMSs for various purposes such as
state estimation, remaining useful life prediction, thermal management, fault diagnosis,
and charge equalization.
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Table 4. Comparative analysis of BMS components and functions in EV applications.

Subject Area Ref. Target/Focused Areas Key Contributions Limitations/Research Gaps Battery Type Validation Approach Performance Metrics
To predict cooling The coupling system of a . -
capacity and system liquid-cooled BTMS and a The internal thermal Cozz%lﬁgorlgogifiltmzrx; of
[62] coefficient of performance heat pump air conditioning characteristics of the battery Lithium-ion power Compared with SVR . tei'l C%P v?zlere
(COP) of battery thermal system (HPACS) for battery were not considered in this battery pack model. im };ove dbv 2.1% and
management systems electric vehicles (BEVs) were study. p o yarr
Battery Thermal . 2.8%, respectively.
Management (BTMSs). designed and analyzed.
i . Due to the layout limitation of
A specific design for an . .
. . . the battery system in the . . The advection thermal
) To determine the required  air-cooled battery system was . e . A theoretical analysis . o
[64] . HEVs, both the inlet and Lithium-ion batteries resistance was 2.4 °C
thermal parameters. theoretically explored and was performed. 1
: . outlet should be located on W~
numerically designed. .
the same side.
The root mean square
A closed-loop framework . Only current and voltage data Compared with other  error was less than 3.146%
To estimate the SOC of . . . . o
[66] was developed for . . were used to fine-tune the LiFePOy, batteries relevant machine and 2.315% for aged
. . LiFePO, batteries. . . .
improving robustness. DNN learning approaches. batteries and different
battery types, respectively.
State of Charge . A scaled-down
The cell balancing and dc . Compact size, Battery deterioration, distributed BESS
bus voltage regulation tiny power converters were overheating, and even prototype with the The overall efficiency was
[67] X used to provide SOC balance . .Y Lithium-ion batteries o
systems were merged into catching fire in a worst-case proposed energy 95-97%.
. between battery cells and DC . .
a single system. bus voltage management scenario. sharing controller was
& & ’ built in the laboratory.
A hybrid method was
P perionce pufer . Anovel DRLalgorithm was 577 SR ane Compared with decp  pginess (%) - 92.95 +
[70] P introduced to formulate an & ! Lithium-ion batteries Q-networks VT

Energy management
strategies

consisting of
environmental
disturbances.

intelligent HEV for EMS.

allocations may occur during
exploration

(DQN)-based EMS

1.24.

[71]

A comprehensive study
on the state of the art of
Li-ion batteries including
the fundamentals,
structures, and overall
performance evaluations
of different types of
lithium batteries.

Improving the system’s
overall performance and
efficiency.

Environmental impact and
recycling,
protection circuitry, and
excitability of Li-ion safety.

Lithium-ion batteries

Compared with other
relevant literatures

The price of a Li-ion
battery pack was 25-30%
of the price of an electric

car.
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Table 4. Cont.

Subject Area

Battery materials and
technology

Battery modeling

Fault diagnosis and
protection

Remaining useful life

Ref. Target/Focused Areas Key Contributions Limitations/Research Gaps Battery Type Validation Approach Performance Metrics
A sandwiched cooling The system’s thermal Thermal management usin Thi;?zl stfeﬁmmif;;z of
structure out of copper efficiency was tested in the lab & . & Y The paraffin remainld in a
. natural convection air could e . experimentally :
[73] metal foam saturated with ~ and compared to two control L. , Lithium-ion batteries solid state for the lower
. - . not meet the Li-ion battery’s evaluated and .
phase change material stages: cooling with pure . . discharge rate of 0.5 C.
(PCM) PCM and cooling with air safety requirements. compared with two
’ ’ control cases.
The authors presented an
output error injection Detailed stability analysis of
[69] observer based on a Reliable and safe operation the observation error was not Lithium-ion batteries Compared with other SOC error of less than
reduced set of partial P " possible due to the complexity cell chemistries. 10%.
differential-algebraic of the problem.
equations.
The dynamic
To improve the use of The proposed DP approach In future research, another performances of the
[75] lithiu nf—ion batteries in had the best dynamic artificial intelligence-based LiMn,04 battery battery models were SOC terminal error was
- EV apolications performance and provided a algorithm can be utilized to module compared with a within 1.56%.
PP ’ more accurate SoC estimation. improve SOC estimation. robust extended
Kalman filter.
To achieve effective . The SOC gap decreased
- . The battery string was S . .
charge equalization while . . Large circuit size and high e . Compared with from
[74] : o modularized into a master . . Lithium-ion batteries . o .
keeping the monitoring IC module implementation cost. relevant literature. 21.3% to approximately
under easy control. ’ 1.3%.
To predict battery life, Temperature homogeneity
which consists of life cycle was improved by using a The numerical model Lithium—ion batteries
variables and numerous cylinder vortex generator in Limitation of low specific heat O . was comprehensively .
(7] failure causes, and their front of the heat pipe capacity. Lithium-ion batteries validated with charged at a high C rate
impact on battery safety condensers in the coolant experimental data. (up to 8 C rate).
and health. stream.
To improve battery failure . e An SBPM—based SOH The average error was less
e Enhanced failure mitigation . L s . . monitor was o
[80] mitigation control Testing cost is higher. Lithium—ion batteries . than 1.2% at each
control. compared with a
systems. polynomial model temperature.
A combined SOC and The presented model was Complex computation and
[98] SOH estimation approach effective with online SOH mathematical model. Lithium—ion batteries Compared to the The voltage errors stayed
toward the lifespan of estimation and offline SOC Accurate input parameters second order EKF. below 0.7%.
Li-ion batteries. estimation. required.
Focused on two key ways Compared the
of determining a battery’s  Enhanced the RUL probability estimation and The RUL threshold value
[82] health: RUL prediction distribution to the End-of-Life Problem of degeneracy. Lithium—ion batteries ~ prediction capability was changed to 85% of
and battery SOH cycle. between the SVR-PF nominal capacity.
monitoring. and standard PF.
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Table 4. Cont.

Subject Area Ref. Target/Focused Areas Key Contributions Limitations/Research Gaps Battery Type Validation Approach Performance Metrics
The proposed system
(ie};f\(;;rssgi jes’;’le Zsrrir:]ei;lt To mitigate the unfavorable Model parameters can only be Compared to the RLS, rg;crza;ec} gtgeavrflscllulc ieo/
[84] IS 8 effects of conventional HVAC parameterized accurately for ~ Lithium—ion batteries LMS, and WRLS ge by “7/ an ’
conditions in cold and hot . - compared with
systems on the EV range. new batteries. filters. .
starts. conventional heat pump
systems.
Vehicle performance The suggested
assessment aggregation framework
A novel, integrated To assess BEV alternatives . . was capable of assisting
. Battery weight was not e . . Compared with the customers, decision
[85] MCDM model for BEV comprehensively from the . RS Lithium—ion batteries s I
selection customer’s point of view. considered in this study. existing literature. makers, and authorities in
’ ’ order to make reliable
decisions in evaluating
BEVs.
To detern.une the energy An active cell balancing . . Compared with the The usable energy of the
gain for 10 . . Technical and economical . . . pe battery stack
[88] . solution for li-ion battery e Lithium—-ion batteries  rated capacities of the .
series-connected cells stacks limitations. used cells could be improved by
during discharging cycles. ’ ’ 15%.
Energ}]/E ?il‘ization and Compared the
laency Proposed an . . . proposed ESOC with The proposed ESOC
energy-savin To improve the energy The regenerative braking model predictive effectively avoided the
[87] | Snersy 8 utilization efficiency of situation was not considered  Lithium—ion batteries P . y
optimization and control . . I control (MPC) and high-power output of the
autonomous electric vehicles. in this work. ) L, .
(ESOC) method. energy optimal vehicle’s powertrain.
control (EOC).
. To capture the hierarchical S . Lower average RMSE
End-to-end prognostic Training time and inference .
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Table 4. Cont.

Subject Area Ref. Target/Focused Areas Key Contributions Limitations/Research Gaps Battery Type Validation Approach Performance Metrics
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& size and cost of equalization. active bala;gmin 98%.
Battery implementation. methods &
equalization/charge ’
control To properly capture
real-time fluctuations and tecl?rﬁe Eéocgiiecalre d
the varied dynamics of Precisely characterize the . . 1 P The SOC with an absolute
[94] - Divergence problem. LiFePOy to the conventional o
the parameters while battery model parameters. RLS error of less than 2.8%.
maintaining technique
computational simplicity. que-
To mimic the process of The strength of variation
heating li-ion batteries An electrochemical and Insufficient balancing or s . . Comparfed to an.d the number of
[95] . C Lithium—ion batteries conventional outliers both generally
from sub-zero thermal coupled model. cooling methodologies. . . :
topologies increased as aging
Validation under temperatures. progressed.
different operating o T A 30% diff. -
conditions To design a system that New features such as capacity Methods were only valid sll:ug le;:rgen? ;r::l im jc(l)a;cel reesrsﬁCeZI; a
[96] can perform conventional estimates and temperature within the trained data range.  Lithium-ion batteries Y P P

tests virtually.

dependency.

Limitations of the load.

with the relevant
existing literature.

60% difference in peak
cell current.




Batteries 2022, 8,219

23 of 59

Kai et al. [101] developed an improved SOC estimation technique based on the adap-
tive square-root unscented Kalman filter method. The proposed work was implemented on
18,650 model dynamic lithium—ion batteries with a rated capacity of 2.2 Ah. The improved
Kalman filter method was validated with other techniques such as enhanced Kalman filter
and unscented Kalman filter.

Qu et al. [102] introduced a hybrid SOH and RUL prediction for lithium—-ion batteries
based on the LSTM model. The work employed NASA battery datasets, namely, BO0O5,
B0006, and B0018. The model operation was enhanced by applying the particle swarm
optimization (PSO) technique by optimizing key parameters such as the weights and biases
of the model. Additionally, model training was conducted based on different training ratios
such as 30:70, 50:50, and 70:30.

A hybrid Kalman filter and particle filter method-based SOC estimation was conducted
by Zheng et al. [103] The proposed method was based on differential voltage analysis for
SOC estimation. The model employed three LiFePO, battery cells with a rated capacity
of 60 Ah. Furthermore, validation of the method was conducted with test data from three
battery cells operated above 1800 cycles. It was noted that temperature dependency was
not assumed in the conducted work, which may have significantly impacted the SOC
estimation outcomes.

Ansari et al. [104] developed a backpropagation neural network (BPNN)-based RUL
prediction method for lithium—ion batteries. The proposed work was conducted by utilizing
four battery datasets from the NASA database, namely, BO005, BO006, BO007, and B0018. The
BPNN model hyperparameters were selected using a trial-and-error method. The validation
of the proposed model was conducted using different combinations of training datasets.

Park et al. [105] proposed an LSTM-based RUL prediction algorithm for lithium-ion
batteries. The algorithm employed a systematic sampling technique for the appropri-
ate extraction of data samples to develop a 31-dimensional data format. The developed
31-dimensional data format consisted of battery parameters such as voltage, current, tem-
perature, and discharge capacity. The proposed LSTM model delivered satisfactory out-
comes, however, more sophisticated RUL prediction techniques could be developed by
integrating the LSTM model with other intelligent models.

Part et al. [106] presented an ANN-based supervised learning for thermal management
in EV applications. The ANN model was employed and trained with data extracted from
EV driving operations. The model delivered satisfactory outcomes and reduced power con-
sumption by 48.5% and 6.9% in the integrated and separate operating modes, respectively.

With regards to the application of algorithms in thermal management in battery
technology, Zhu et al. delivered an LSTM model-based data-driven algorithm for analyzing
the thermal effect in batteries [107]. To conduct this work, an open-source battery database
from MIT, Stanford was considered which consisted of three battery datasets with different
cycle numbers. Model training was conducted based on three training ratios, i.e., 80:20,
50:50, and 20:80. The work accurately predicted future temperature; however, the research
was confined to using a time-series approach.

Another important area in BMS technology is related to fault diagnosis. In this
regard, Yao et al. developed a support vector machine (SVM)-based intelligent algorithm
to perform fault diagnosis on lithium—ion batteries [108]. The proposed experimental
setup consisted of a battery test bench (Digtron Battery Test System: BTS-600), vibrating
test bench, information collector, voltage sensor, and host computer. The presented SVM
model-based work was quick to detect faults with a modified covariance matrix (MCM) as
compared to a covariance matrix (CM).

Charge equalization is also regarded as a key research area in BMS technology for EV
applications. Zhang et al. [109] developed an effective active equalization control method
to conduct SOC estimation of lithium—ion batteries. The work considered various battery
parameters such as voltage, internal resistance, and temperature to analyze inconsisten-
cies in battery SOC. It was estimated that under active equalization control, the error in
measured voltage was limited to 3 mV.
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Table 5 represents a summary of the recent methods and algorithms for BMSs in
EV applications.

4.2.2. Optimization Approaches in BMS for EV Applications

Optimization techniques have been implemented to improve and enhance model
operations. Model enhancement results in appropriate SOC, SOH, and RUL estimation,
thermal management, and fault diagnosis of the lithium—ion battery in EV applications.

Qui et al. [110] presented SOC, SOH, and RUL estimations based on an improved par-
ticle filter technique. The PF technique was enhanced by implementing the cuckoo search
optimization technique. Five LiCoMnNiO; batteries were used to conduct the proposed
experiment. The proposed method was validated with conventional PF and unscented PF
methods. Although the proposed work was largely based on outcomes, the utilization of
battery parameters from discharge profiles may be considered in further research.

Lipu et al. [111] introduced a backtracking search algorithm (BSA) for the SOC esti-
mation of lithium—ion batteries. The work employed a BSA-integrated BPNN approach
to select suitable model hyperparameters. The analysis was conducted based on dynamic
stress test (DST) and federal urban driving schedule (FUDS) drive profiles datasets for
testing the model at different temperatures. The proposed model was validated with other
models such as the radial basis function neural network (RBFNN), generalized regression
neural network (GRNN), and extreme learning machine (ELM).

Wang et al. [112] proposed a genetic algorithm (GA)-based optimization technique to
obtain the optimal electric braking torque and current distribution factor by considering
battery SOC, OCV, and heat loss. Furthermore, a neural network-based PI control model
was established to regulate the rotating speed of the flywheel motor. The proposed model
was established for the battery-flywheel system for energy recovered during the EV braking.
The work delivered theoretical and analytical support; however, further work could achieve
cost improvements.

A SOH estimation of a lithium—ion battery was conducted by enhancing the support
vector regression (SVR) model with improved ant lion optimization (IALO) [113]. Three
NASA battery datasets, namely, B05, B07, and B34 were considered to verify the proposed
work. Furthermore, charge and discharge voltage curve data were considered to map
SOH estimation. The accuracy of the SVM-IALO model was compared to that of other
models such as the SVR and SVR-ALO. The SVR-IALO model demonstrated satisfactory
outcomes in terms of accuracy and time complexity; nonetheless, performance can be
further examined using reliable battery datasets.

Wang et al. [114] presented a fruit-fly optimization technique-based RUL prediction
of a lithium—-ion battery. Fruit-fly optimization was used to optimize the Hurst expo-
nent (H) that denotes the dependence of the fractional Brownian motion model for RUL
prediction. Four NASA battery datasets, namely, B5, B6, B7, and B18 were employed. The
proposed fruit-fly optimization technique delivered appropriate outcomes; however, the
computational complexity was a crucial factor that should be rectified in future work.

To conduct the thermal management of a lithium—ion battery, Deng et al. [115] em-
ployed GA to optimize the convective heat transfer and surface friction coefficients. The
constraints considered to perform the experiments were the maximum temperature of the
battery pack and the maximum temperature difference between cells. It was concluded that
length and thickness played an important role in the performance of the cooling system.

Zhang et al. [116] proposed a multi-objective PSO-based optimization technique to
deliver optimal results based on the thermal conductivity and thickness of phase change ma-
terial, length of the heat pipe, and velocity of inlet water. Table 6 represents the optimization
approaches for BMS in EV applications.
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Table 5. State-of-the-art methods and algorithms for BMS in EVs.
Methods and s Structure/
Algorithms Objectives Ref. Input Features Configuration Type of Dataset Accuracy/Error Rate Strengths Weaknesses Research Gaps
High SOC
Ohmic internal resistance, SRC Thevenin 18650 model dynamic estimation accuracy, More sophisticated model Parameter identification
UKF SOC [101] polarization resistance, and lithium—ion Accuracy of 99.04%. better stability, and should be considered for .
e . model. A could be improved.
polarization capacitance. battery. fast convergence SOC estimation.
speed.
€105 High robustness Integration of model-based
LSTM-PSO SOH and [102] Capacity. €203 NASA battery dataset. 0.006 (RMSE) for with '1mpr'oved Model cor'nplexgy and high methods for different types
RUL w-0.9 B0005. estimation training time. .
i of batteries.
(PSO). capability.
Capability to handle L A suitable selection of data
The SOC estimation was .
. Number of PF : 1.75% (MAE), a large volume of PP samples could be carried
EKF and PF S0C [103] Cell terminal voltage. particles: 1001. Three LiFePO, battery cells. 1.10% (RMSE). data for SOC cox;)ducted with just one out with different sampling
X X attery parameter. :
estimation. techniques.
Voltage, temperature, %J‘E(})a()rSmEi%i?etrel 0.0819 (RMSE), 0.0423 High prediction The model Orlrigml;ia;znltoecgg lf?;e
BPNN RUL [104] 8¢, temp L o NASA battery dataset. (MAPE), 0.0681 (MAE), accuracy and hyperparameters were not v p oYy
current, and capacity. neurons 10, - selecting model hyper
0.0717 (SD). robustness. selected appropriately.
epochs 500. parameters.
LSTM cell 10, Appropriate . . 1. .
Voltage, temperature, iterations 500, 0.0168 (RMSE), 0.0146 extraction of data Validation using other ]3'1d1re§tlonal LSTM-based
LSTM RUL [105] X - NASA battery dataset battery datasets was not intelligent model can be
current, and capacity. learning rate (MAE), 1.05 (MAPE). samples was
: conducted. framed.
0.001. achieved.
Thermal Controllable, . Power consumption Regulated battery -
ANN manage- [106] environmental, and Hidden neurons Not mentioned. was reduced by 48.5% temperature with Validation of the proposed Further re§earch can focus
3 16. o model was not conducted. on online learning.
ment feedback inputs. and 6.9%. acceptable range.
The correlation between
Thermal Learnin. LiFePO, /eraphite 0.044, 0.055, and 0.622 Predict wider More improvements in battery parameters and
LSTM manage- [107] Temperature. & s 4/ graphit (RMSE) at different temperature selecting hyperparameters varying temperature
rate-0.001. lithium—ion batteries. L . . . ;
ment training ratios. Change efficiently. need to be considered. profiles must be
investigated.
Penalty factor C The validation of SVM was
[—10, 20], - . Battery system fault
Fault ; . o . Accuracy of more than Timely detection of not conducted . ;
SVM . . [108] Cell voltage. function LiMn, Oy Lithium—ion cells. o X . . . hierarchical management
diagnosis 95% was achieved. fault and severity. comprehensively with other .
parameters [—5, methods strategy can be studied.
10]. .
Battery The maxmum SOC Other KF-based methods
charge Voltage, resistance, and estimation error was Prototype or hardware and improved an Thevenin
SVM ¢ [109] ! ’ Not mentioned. 18650 lithium—ion batteries. approx. 4%, voltage High accuracy. validation of the method
equaliza- temperature. variance was within was not conducted battery model could be
tion ' employed in future study.

2%.
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Table 6. Optimization approaches for BMS in EV applications.
O.F:g}?g;;l:n Objectives Ref. Input Features Structure/Configuration Type of Dataset Accuracy/Error Rate Strength Weakness Research Gaps
Reduced Pdf width .
Cuckoo S0C, SOH, and ) ) LiCoMnNiO, 33,2.4,1.005 and resampling rate, Reliable battery datasets Battery parameters related to
A [110] Capacity. Not mentioned. . (Relative error at from NASA and CALCE discharging profiles may be
optimization RUL batteries. . low convergence .
different cycles). time may be used. considered.
L MAE of 0.193% in Comparative study with S
Differential Search Voltage, current, and The p'opulat} on size was 50 HPPC, DST, DST and 0.346% in High robustness and recent optimization Vahdat'lon through .
Optimizati SOC [117] while the iteration was . a hardware-in-the-loop test in
ptimization temperature. FUDS. FUDS stability. schemes can be .
500. 5 real-time can be performed.
at25°C. conducted.
L The data collected -
The population size was o . Model validation can be
BSA SOC [112] Voltage, current, and 100 while the iteration was DST and FUDS. SOCerror at 0 °C High accuracy. experimentally can be conducted with other
temperature. [—4.8,+9.8]. validated with other s
250. . optimization schemes.
reliable battery datasets.
The population size was 20
and the number of 1L . .
Ant lion Voltage curve from iterations was 200. Penalty NASA battery 0.53 (RMSE), Improved estimation Validation with other Further study to improve
R SOH [113] charge and 0.71(MAPE) for battery datasets was not convergence speed can be
optimization . . factor C and kernel dataset. accuracy.
discharge profile. £ . battery B05. performed. explored.
unction parameter o were
set as (0.01,100).
The Hurst exponent was Low prediction accuracy
Fruit fly 14, . 0.6638. The population size NASA battery RMSE 2.0813%. MSE Better prediction under large datasets and Better
S RUL [114] Capacity. was 50 and the maximum o, . . model-hyperparameters
. . 8 0. .
optimization dataset 4.3333% outcomes varying environmental
number of iterations was diti should be selected.
100. conditions.
Maximum Low pressure drops Aspects of channel
Thermal ] ) Four square error of 3.17% in compared to thlckr‘\ess and length Work on chapnel thickness
GA [115] Temperature. Not mentioned. lithium—ion convective heat N ratio should be and length ratio aspect can be
management . . conventional . .
batteries. transfer coefficient roentine channel comprehensively conducted in future.
(h). SErpentine channes. studied.
Thermal The populellgg n sizewas Optimized design
conductivity, PCM ) . s . 3.26 mm for PCM Delivered best heat Inefficient to work in Appropriate utilization of
Thermal . - The number of generations Lithium—ion . o . S
PSO [116] thickness, heat pipe thickness and 92.4 dissipation dynamic and unknown recent optimization
management was 300. battery dataset. . . . .
. irljntg\thl, . Learning factor C12. mm florn h(teﬁt pipe performance. environments. techniques can be applied.
a et velocity. Learning factor C2 2. ength.
Improved
convergence speed
The population size was 50 o and Complex execution and 1L .
Firefly algorithm SOC [118] Voltage, current, and while the iteration was SDT and HPPC RMSE below 1 /°[, enhanced high computational costs. Validation using an EV
temperature. 500 SOC error below 5%. exploration and dataset was not considered.
exploitation

capacities.
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4.2.3. Controllers Schemes in BMS for EV Applications

The controller technology in BMS is important for maintaining battery heating, cooling,
charging, and discharging within a prescribed boundary to achieve optimal performance.
Various work has been accomplished to implement controllers in BMS.

Afzal and Ramis [119] developed a hybrid GA and fuzzy logic controller-based ther-
mal management system for lithium—ion batteries. The objective functions selected in the
proposed study were average Nusselt number, friction coefficient, and maximum temper-
ature. The proposed controller technique achieved the desired results by achieving the
maximum temperature within the desired range.

Park and Ann [120] proposed a stochastic model predictive controller (SMPC) im-
plemented to create a battery-cooling controller. The proposed controller technique suc-
cessfully reduced the computational load by introducing an unequally spaced probability
distribution mode, which is a common issue with conventional stochastic model predictive
control. The computational load was reduced by 91%, with a performance declination of
only 4%.

Rahman et al. [121] proposed three controller technologies, namely, the sliding mode
controller (SMC), integral sliding mode controller (ISMC), and double integral sliding mode
controller (DISMC) for EV applications, consisting of a battery, fuel cell, and supercapacitor.
The controller was employed to achieve the control objectives in terms of current tracking,
voltage regulation, and stability. It was observed that the least error was achieved by
DISMC compared to the SMC, ISMC, and proportional-integral (PI) controllers.

In another work, Hussain et al. [122] introduced a real-time bi-adaptive controller-
based energy management system for hybrid battery-supercapacitor technology in EV
applications. The PI controller was employed to protect the supercapacitor from overcharg-
ing, whereas a fuzzy logic controller was used for optimal power sharing between the
battery and the supercapacitor. Validation of the proposed method was conducted with
three different cycles such as the New York City cycle (NYCC), Artemis urban (AU) cycle,
and New York composite cycle (NY company).

Miranda et al. [123] developed an FL control technique to increase the efficiency and
dynamic performance of electric motors in EV applications by conducting a power split.
A PSO-based optimization technique was employed to deliver the optimal mass of the
electric components such as the electric motor and battery. The best optimal solution was
delivered at a driving range of 124.2 km with a 235.8 kg battery (387.8 V and 91.2 Ah).
Although high stability and robustness were achieved, the model was not implemented
using an experimental setup. This could be investigated in future studies.

Ahmad et al. [124] employed an integral backstepping sliding mode controller (IBS-
SMC) and a backstepping sliding mode controller (BS-SMC) to design a robust charging
system, achieving various objectives such as output voltage regulation and power factor
correction in grid-to-vehicle (G2V) mode. Furthermore, to achieve the effect of chattering
and super twisting, a sliding mode controller was designed. The proposed controller
technique delivered satisfactory outcomes with better dynamic responses and robustness,
among other external noises.

Table 7 represents a summary of the various controller schemes applied to BMS for
EV applications.
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Table 7. Controller schemes for BMS in EVs.
Controller — Structure/
Schemes Objectives Ref. Input Features Configuration Type of Dataset Accuracy/Error Rate Strengths Weaknesses Research Gaps
hMax1mlzefrate of ithi . Achieved a safe Complex method Fﬁrthefrl mvestlgfathn ﬁn
GA-PSO-FL eat transfer and [119] Not mentioned WI[01.2], Lithium—ion Not mentioned o i dl traini the influence of weight
o . . perating and long training .o
minimize yearly Cl,and C2[02] battery. temperatiure time components and inertia
cost. P ’ ’ factors can be explored.
Maximize the Low
vehicle driving Heat seneration Lithium—ion computational Required a large Further research can be
SMPC range and minimize ~ [120] of thi batter Not mentioned. batter Not mentioned. time and low number of model conducted with a hybrid
energy ¥ ¥ energy coefficients. energy storage system.
consumption. consumption.
Eliminate the Fuel cell voltage,
battery voltage, . Fuel cell, battery, Achieved all The chattering Implementation of other
steady-state error . Ideality factor . . - .
ISMC and miticate the [121] supercapacitor 1.052 and Steady-state error 1.8 V. desired objectives issue was not control strategies can be
chatterin%g offoct Voltage, and R supercapacitor. accurately. considered. investigated.
’ load current.
Maximization of the Conventional Implementation of the
PI and FLC effectiveness of the [122] Not mentioned Battery and High performance value for Easy method and did fo osed model on
supercapacitor ' supercapacitor. different drive cycles. implementation. not describe the prop .
A hardware using FPGA.
bank utilization. novelty.
Development of an 62227(2)0(;) High robustness Comp‘/l\/?t(hmodel Utilization of an Al-based
BS-SMC appropriate [123] Not mentioned. 10015 Battery. Steady state error 5.4562. with external computational non-linear controller may
charging system. Z > 0'018 disturbances. coflplexity be employed.
TO improve the Best optimal solution was Validation of the The proposed model ma
dynamic efficiency . . delivered at 124.2 km drive ~ High stability and proposed prop . y
FL-PSO . : [124] Current (A) Not mentioned. Not mentioned . be conducted with an
of electric motors in range with a 235.8 kg battery robustness. controller was not experimental setu
EV applications. (387.8 Vand 91.2 Ah). conducted. P P
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5. Open Issues and Challenges of BMS Technology in EV Applications

The presented analytical analysis comprising 110 highly cited articles on lithium—
ion BMSs in EV applications utilized the Scopus database. Nevertheless, the extraction
of resourceful articles and manuscripts lacked several journal databases such as Google
Scholar and Web of Science, which may have affected the originality of the analysis. The
extraction of articles from other databases was not performed due to the complexity of the
compilation process for the 110 articles extracted from the Scopus database. Additionally,
several high-impact articles may not have been considered in this work due to the usage of
several filters. The filtering of the articles was based on publication years from 2011 to 2021,
the English language requirement, and the inclusion of articles based on several criteria.
The assessment process tended to deviate from its originality due to the occurrence of
inter-crossing and a combination of many disciplines. The consideration of research areas
based on state estimations such as SOC, SOH, RUL, TM, BCE, and FDP was prioritized, but
work related to nanomaterial and battery chemistry was not considered. Some limitations
of the proposed analytical research analysis are mentioned; nonetheless, some issues and
challenges in the integration of lithium—ion BMS for EV applications must be explored,
which are presented in the following subsections.

5.1. Algorithms/Method Issues

Implementing intelligent algorithms for BMS technology has demonstrated promising
outcomes but constitutes some limitations. Satisfactory results can be obtained with neural
network approaches but require ample space for storage and processing time. Further,
regression- and probabilistic-based techniques deliver satisfactory results against noise,
uncertainty, and data-overfitting issues; nevertheless, accurate solutions are not achieved for
high-dimensionality and non-linear problems. Future predictions with time-series-based
techniques are accurate; however, it requires the determination of past information selection
and feedback steps. Deep learning techniques deliver accurate results, but their operational
skill is constrained by the requirement of a large volume of data and high computational
processors. Thus, further studies including data collection, suitable parameter selection,
and performance verification under uncertainties are essential to developing advanced
algorithms and methods in BMS.

5.2. Optimization Integration Issues

The integration of optimization techniques is a challenging and time-consuming pro-
cess. Various optimization schemes can be integrated with different intelligent algorithms,
but their outcomes vary with regard to execution time and convergence speed. Further,
developing an optimization technique requires in-depth knowledge for initializing parame-
ters and executing the operational loop. Although BMS techniques have been significantly
improved by including optimization techniques with an intelligent algorithm regarding
accuracy, prediction efficiency, and robustness, some issues persist concerning complex
computation and long processing times. Unsatisfactory convergence, searching capability,
and parameter settings may result in inaccurate predictions. Hence, further exploration is
required to overcome optimization integration issues.

5.3. Controller Execution Issues

Controller schemes have been widely explored in BMS technology for various ap-
plications such as temperature control, minimizing capacity loss, increasing battery life,
and avoiding non-uniformity in battery aging [125-127]. The fuzzy logic controller has
been utilized in BMS technology for EV applications [128-130] for temperature regulation,
SOC balancing, etc., but its outcomes are limited by human expertise intervention. Further,
model predictive control (MPC) for BMS technology [131-133] is implemented due to
its various benefits such as optimal control, smoothing power, and robustness against
uncertainty but suffers from several shortcomings in terms of high maintenance costs and
a lack of flexibility, resulting in improper controller operations [134,135]. The implementa-
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tion of droop control technology is observed in some work [136,137] due to its simplicity
and ability to operate independently with internal communications between converters;
nevertheless, it suffers from poor transient performance. Therefore, further investigation is
essential to address the abovementioned issues.

5.4. Appropriate Configuration and Hyperparametric Adjustment

One of the key issues for developing a BMS-based sustainable transportation system re-
lates to the selection of suitable hyperparameters and algorithms for the integration of BMS
in EVs. Various hyperparameters, such as hidden layers, the number of hidden neurons,
epochs, iterations, learning rates, biases, weights, batch sizes, time steps, etc., are usually
considered to frame a sophisticated algorithm. The computational complexity in terms of
overfitting and underfitting can be minimized by utilizing optimal hyperparameters and
grouping functions. Further, implementing hit-and-trial methods consumes more human
energy and time. Therefore, it is necessary to develop an optimized and robust framework
for hyperparameter adjustment and control to accomplish desired BMS outcomes.

5.5. Charging Imbalance Issues in Lithium—Ilon Battery Packs

The charging technique implemented in BMS for EV applications plays a key role
in obtaining an appropriate operational balance among battery temperature, efficiency,
battery health, SOC, and lifecycles. A slow charging process might hinder the widespread
acceptance of EVs. Additionally, the fast-charging technique causes excessive heat genera-
tion and reduces operating life. Further, the issue of charging imbalance is prevalent due to
material defects, alterations in physical characteristics, battery health degradation, aging
cycles, manufacturing technology, and tolerances. The charge imbalance also results in
unpredictable state estimation, leading to unexpected circumstances. Hence, an efficient
charging technique is necessary for uplifting performance toward sustainable development.

5.6. Data Abundance, Variety, and Integrity

The main challenges in putting intelligent algorithms into practice are data diversity
and abundance. The accuracy of intelligent methods depends on having enough good-
quality data. However, gathering a sufficient amount of diverse, large-scale data takes
time and effort. Typically, data are gathered through trials with a 1 Hz sampling frequency.
With varying forms of voltage and current values, the data length between EV driving
cycles varies [138]. One EV drive cycle, for example, is calculated to last 1372 s by federal
urban driving schedule (FUDS), 360 s by dynamic stress test (DST), 916 s by Beijing
dynamic stress test (BJDST), and 600 s by US06 drive cycle [139]. Multiple EV drive cycle
repetitions are used to prepare data since intelligent algorithms need a vast pool of data
for training operations [140]. Having more data can help to find better outcomes, but it
can also make the computer work harder and take longer to train, which might cause
over-fitting problems [141]. As a result, concerns with data variety and quantity need
specific consideration.

Another obstacle to putting intelligent approaches into practice in real-world settings
is data integrity. Some well-known automotive research teams [142,143] have made a
high-quality battery dataset that is freely accessible to the public. This dataset contains a
fixed pattern of charge—discharge current that ensures the various protocols of EV drive
cycles. Studies to gather the various EV drive cycle data are conducted in a laboratory
setting with the suggested temperature and charge/discharge current rates. The current
and voltage profiles of EV drive cycles obtained by simulated data do not match those of
actual data collected in a real-world setting. Therefore, more research is required to verify
intelligent algorithms in real-world scenarios.

5.7. Battery Energy Storage Material Issues

Despite the good properties of lithium—ion batteries, estimating SOC is significantly
impacted by the performance variations between positive and negative electrodes. Lithium
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cobalt oxide (LCO) batteries have a low capacity and exhibit good performance; nonethe-
less, they are expensive and have a limited supply of cobalt. The lithium nickel manganese
cobalt oxide (LNMC) and lithium nickel cobalt aluminum oxide (LNCA) batteries deliver
outstanding performance with regard to high capacity and extended lifespan; however,
they are expensive due to a lack of nickel and cobalt supplies. Batteries made of lithium
manganese oxide (LMO) have a high voltage, a reasonable level of safety, decent per-
formance, and a sufficient supply of manganese; nevertheless, they have a low capacity
and short lifespan [144,145]. In [146], the authors employed two different chemistries of
lithium—ion batteries such as lithium titanate (LTO) and lithium iron phosphate (LiFePOy4)
to examine the accuracy of the SOC estimation method. Validation was performed through
a test bench platform and an aging cycle test. Initially, the experiments were conducted
using fresh lithium—ion battery cells where a LiFePO, battery demonstrated better ac-
curacy than LTO, indicating an RMSE of 0.5305% at 25 °C. However, the LTO battery
illustrated better outcomes under the aging cycle test, estimating an RMSE of 0.00334%
after 1000 aging cycles.

5.8. Prototype Design and Real-Time Validation

To date, a variety of experimental studies have been conducted to confirm the via-
bility of intelligent methods to examine diagnosis, thermal management, and condition
estimation. However, there has not been a thorough investigation of the application of
intelligent approaches in real-time BMS with compact memory units and low computing
costs. Therefore, further investigation is required to create an embedded prototype system
for state estimation and control in real-time BMS. A study in [147] validated the machine
learning-based SOC estimation approach in real-time using the hardware-in-the-loop (HIL)
experimental platform. A DC source, current sensor, battery monitoring device, host com-
puter, battery management unit, and CAN analyzer were used in the creation of the HIL
test bench. The results showed that the SOC and capacity errors in the HIL test were 2%
and 19.7%, respectively. The authors of [148] evaluated the adaptive network-based fuzzy
inference system (ANFIS)-based SOC estimation in real-time with HIL experimental setup
utilizing the dSpace MicroLabBox hardware controller. The HIL results were highly similar
to the simulated outcomes, demonstrating the appropriateness of the suggested model for
real-time EV applications.

5.9. IoT integration and Cloud Computing Technology

Through cloud storage, cloud computing, and big data platforms, the accuracy and
resilience of intelligent algorithms and controllers of BMSs in real-world settings can be
significantly improved. The use of huge memory devices, computing, and analysis in
conjunction with intelligent approaches is made possible by big data technology. The
constant transfer of EV voltage, current, temperature, and other data to the big data
platform enables the training of intelligent methods using real-time data to produce more
accurate results. The estimation of the battery condition, including SOC, SOE, SOH, and
RUL predictions, as well as thermal runaway and fault diagnosis over the course of the
battery’s lifetime, can be tracked and saved in the cloud. The battery monitoring and
control center will then pre-process the data, run the analysis, and provide useful decisions
for enhancing performance in the future. Haldar et al. [149] examined real-time battery
monitoring and management in Evs based on the internet of things (IoT). To assess battery
health and discharging behavior for Evs in real-time, the authors created a wireless battery
management system. An loT-based BMS was created by Sivarman and Sharmeela [150]
to control charge imbalance, monitor SOC and SOH, and diagnose faults. Kim et al. [151]
unveiled a cloud-based battery monitoring system for EV applications. Using Raspberry
Pi3 IoT boards, a cyber-physical testbench was used to validate the proposed system. The
findings showed that the condition monitoring algorithm accurately estimated SOC and
capacity while the data mining method evaluated fault diagnosis.
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5.10. EV Regulations, Policies, and Decarbonization Target

Implementing energy policies and regulations would lead to achieving several eco-
nomic and social objectives ranging from energy cost reduction, economic prosperity,
system reliability, and security. Three main points, such as clean development mechanisms
(CDM), joint implementation (JI), and emission trading (ET), which are proposed with
regard to the Kyoto Protocol, have been defied by the United Nations (UN) [152,153].
Several studies have been carried out on decarbonizing the energy sector in Europe. In this
regard, an economic transformation for the energy sector in Europe has been undertaken
to reduce greenhouse gas emissions by 80-95% in 2050 by employing a linear dynamic
optimization model [154]. As per the energy model suggested by Lappeenranta Univer-
sity of Technology (LUT), the power sector in Europe will be 100% based on RES until
2050. It is expected that favorable decarbonized policy implementation would result in a
demand surge for EV transportation by electric cars, buses, and motorcycles to 1.8, 1.5, and
0.6 billion-per km in 2050, respectively, while a decrease of 0.8, 0.6, and 0.2 billion-per km
by 2050 by combustible fuel vehicle. Further, favorable regulations and policies would shift
the market trend from combustible fuel vehicles toward Evs [155].

5.11. Environmental Concerns and Recycling Process

Torabi et al. [156] focused on environmental and decarbonization problems with Evs.
The effects of Evs on lowering carbon emissions should be the subject of further exploration.
As oil price rises and the need for vast amounts of energy for sustainable transportation
increases, automotive electrification, such as Evs, HEVs, and PHEVs, grows in popularity.
Toyota predicted that more than 7% of all transportation would be made up of EVs by
2020 [28]. Despite their positive impacts on the environment by reducing the number of
oil-based cars, lithium-ion batteries emit CO, and GHGs during their manufacturing and
disposal [157]. The US EPA previously investigated the use of nickel- and cobalt-based
cathodes in lithium—ion batteries as well as the processing of electrodes using solvents.
They discovered significant environmental effects, including resource depletion, global
warming, ecological toxicity, and effects on human health [158]. Utilizing a lithium—-ion
battery recycling process might reduce this risk and conserve natural resources by using
nickel and cobalt less frequently [158,159]. Therefore, it is necessary to further analyze how
EVs can affect the environment and contribute to achieving the Sustainable Development
Goals (SDGs).

6. Conclusions and Emerging Future Directions

The work presents an analytical analysis of smart BMSs for EV applications. A
total of 110 high-impact articles from the Scopus database were considered between 2011
and 2021. Primarily, citation analysis was performed, depicting a significant impact on
the desired research area of the manuscript. Further, several investigations have been
carried out consisting of essential keywords such as published articles in a year, number of
citations, highly cited articles in the last 5 years, affiliated country, journal name, publisher,
and research areas. The primary aim of this paper is to showcase the most influential
articles and offer insight into the evolution of battery energy storage technology for EV
applications. In addition, 13 major research areas of BMS in EVs have been discussed
thoroughly. Moreover, notable methods and algorithms in the highly impactful articles
for BMS have been investigated. The articles provide various effective suggestions and
directions for future improvement trends for smart BMS in EVs, which are as follows.

e  The application of smart BMS in EV applications is now being widely accepted as the
future of mobility for delivering sustainable development in the transportation sector.
However, there are some issues with BMS in EV applications, such as short driving
range, short battery lifespan, long charging times, high initial costs, poor vehicles,
and ineffective EV-based policies. Thus, further analysis is essential for developing
accurate BMS technology in better controlling mechanisms, favorable market policies,
global collaboration, and sustainable development for enhanced EV performance.
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BMS utilization significantly controls the battery heating and cooling in EVs and hence
increases the stability and reliability of battery operation. Nonetheless, due to thermal
effects, deep diving range loss occurs in EVs, reducing the overall system’s efficiency.
Additionally, the involvement of thermal effects due to thermodynamics and the
kinetics of electrochemical processes may deliver poor efficiency and performance
and pose a danger to the functionality of BMS. To prevent issues as mentioned earlier,
dynamic instability can be minimized by applying a supercapacitor integrated with
lithium—ion battery storage and dynamic regulation and frequency management.
Furthermore, issues related to system aging and power curtailment can be minimized
by utilizing optimized BMS and dynamic thermal rating in real-time applications.

To operate BMS in EVs effectively and appropriately, it is crucial to accurately predict
a lithium—ion battery’s SOC, SOH, and RUL. An inaccurate prediction of SOC would
lead to overheating, overcharging, and over-discharging problems. Moreover, inaccu-
rate predictions of the SOH and RUL of a battery would result in prematurely replacing
the battery or waiting until an explicit failure event occurs, thereby increasing the
capital cost. Therefore, more research activities in terms of deep learning algorithms
should be implemented for state estimation to improve the prediction accuracy, robust-
ness, and reliability of BMS in EV applications. Further, the estimation of battery SOC,
SOH, and RUL can be enhanced by employing multi-scale and co-estimations that
could improve the system’s operational efficiency and minimize the computational
complexity of BMS.

The controllers applied in BMS play a vital role in battery equalization and fault
diagnosis. Battery inconsistency issues relate to changes in their internal parameters,
such as internal resistance and capacitance, due to various factors such as battery aging
and temperature variation. Additionally, fault diagnosis in BMS is important as it can
prevent various issues such as thermal runaway, short circuits, electrolyte leakage,
battery swelling, over-discharging, and overheating. Therefore, appropriate controller
techniques are required to obtain the safe operation of BMSs in EV applications.

The hybridization or integration of intelligent algorithms has enhanced outcomes
over non-hybrid intelligent algorithms. The hybridized algorithm is developed by
integrating an intelligent algorithm with an optimization model or a combination of
two intelligent algorithms that need complex mathematical computation, a higher con-
figuration processor, and human expertise, leading to undesirable results. Therefore,
future studies are necessary while considering practicability issues for developing an
effective hybrid model.

To date, the validation of intelligent algorithms of battery SOC, SOH, RUL, TM,
BCE, and FDP has been validated with experimental tests. Nonetheless, the real-
time execution of intelligent algorithms with a low computational burden and small
memory devices has not been carried out. Therefore, further research is necessary to
design an advanced battery testing system and establish an embedded prototyping
product or hardware-in-the-loop system for real-time algorithm execution, control,
analysis, and management in BMS.

Although BMS-integrated EV has gained substantial ground toward grid decarboniza-
tion and sustainable development, some environmental issues, such as soil and ground-
water contamination, causing landfill fire and air pollution, have been ignored. Further,
the improper disposal of batteries would result in health hazards as well as water
and air pollution. Hence, to prevent inappropriate disposal, lithium—ion batteries
should be reused and recycled effectively to reduce the carbon impact and minimize
the environmental issue. The appropriate utilization of battery materials, discharge
time, power output, rated power, specific energy, and expenses would prove beneficial
for achieving SDG.

The efficiency and robustness of the algorithms implemented in BMS techniques can
further be improved by integrating real-time monitoring, big data, and cloud-based
technology. The accuracy and efficiency of the implemented algorithm in BMSs can be
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precisely evaluated by utilizing the real-time data from EVs regarding voltage, current,
temperature, etc. Further, battery state estimation data can be acquired through
monitoring and stored in a cloud-based database. The future performance of the
system can be improved by performing various steps consisting of data extraction,
data analysis, and future prediction. Thus, the efficiency of BMS can be significantly
enhanced to deliver better outcomes.

e  Many intelligent functionalities are difficult to address in BMSs for EV applications
due to the low computational resources, typically around 300 MHz. The cloud
BMS topic has recently been discussed in several works to overcome this limitation.
Yang et al. [160] introduced a general framework utilizing an end-edge-cloud ar-
chitecture for cloud-based BMSs with the composition and function of each link.
Madhankumar et al. [161] introduced a technique to examine the health and life of
a battery. Wang et al. [162] investigated digital twin technology and cloud-side-end
collaboration for future battery management systems. Nonetheless, there are some
concerns with respect to the implementation of this technology. Therefore, further
research can be conducted to overcome these issues.

Top-quality, highly cited research articles significantly influence the corresponding
research fields. In the presented analytical analysis, 110 highly cited articles were selected
after several filtering processes to present a broad view of the research activities in BMSs
for EV applications. Further, the analysis discussed recent trends in publishing articles,
issues, and recommendations. Therefore, understanding the features of most cited articles
presents several advantages, as follows:

e  Future research activities can benefit from the characteristics of highly cited articles in
the field of BMSs for EV applications.

e  Highly cited articles could form a foundation for young researchers to develop and
promote up-gradation in a particular field.

e  The analytical analysis presented provides an outline and investigation of the selected
most cited articles and guides academicians, researchers, and engineers to explore
possible research collaborators around the globe.

e  The discussion and analysis offered in this article will lead journal editors, reviewers,
and other resourceful researchers to evaluate the submitted article.

e  The analytical analysis can assist decision-makers and government/private officials in
drafting a long-term energy plan toward developing a prosperous and healthy society
and achieving global decarbonization targets by 2050.

Overall, it can be observed that analytical analysis for the most cited articles between
2011 and 2021 is expected to contribute to the sustainable operation and management of
battery storage systems for EV applications. Thus, further investigation of smart battery
management technology will not only enhance battery lifetime and performance but also
expand the battery and EV market, thereby achieving a pathway for SDGs concerning
emission reduction, clean energy, employment opportunities, economic development, and
sustainable cities.
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Appendix A

Table A1. 110 top-cited and highly influential manuscripts (2011-2020) in the area of battery management technology for EV applications.

Refs Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
BFD; BMS; BSE; Battery . . Other BMS technologies,
[33] uniformity and equalization; JPS Elsevier Ltd. Review 2013 China 2516 Rev1e‘£/§di]§i\ﬁssand its such as ultracapacitor, were
CVM; PHEV y ’ not reviewed.
Charge and discharge; CT; 1OP United Thermal issues related to Othfsrsllllg:zz;lzgfeﬁtery
[163] ED; HGR; HEV; LIB; LIC; JESOA Publishin Review 2011 States 974 lithium—ion batteries unbalancine and fault
LTP; OP; RC; SE; TM 8 were discussed. . Lancing and
diagnosis may be discussed.
SOC estimation in EV Other state estimations, such
[35] BMS; EV; LIB; SOCE; SOC RSERF Elsevier Ltd. Review 2017 Malaysia 618 application was as SOH and RUL, were not
discussed. covered.
. . N Monitoring for Issues and future prospects
[86] BM,'On line estimation JPS Elsevier Ltd. Review 2014 Germany 574 lithium—ion battery were not discussed
algorithm; PP; SOC; SOH . . .
operation was reviewed. comprehensively.
Presented various ECM
. . . . . models to improve Further exploration with
[75] EV; ECM; ];gpce]glment, LIB; Energies MDPI AG Article 2011 China 557 lithium—ion battery filter-based techniques
performance in EV should be conducted.
applications.
A review based on .
thermal Issues and future suggestions
[164] EV; ES; PCM; PB; TEM RSERF Elsevier Ltd. Review 2011 China 549 management-based BMS mgilaatz(rinte%:}xgiaiot
in EV applications was & .
performed. covered comprehensively.
BMS; BT; Charge/discharge; United The application of BMS in Isstes and challenees were
[165] EV; OC; SOH; SOC; EV; IIEM IEEE Article 2013 470 EVs and smart grids was 8
States . not covered.
Management; SPG reviewed.
The review was not
e s . o comprehensive and depicted
[e6] ~ PM/EV, Electrochemical EG; - poppp Elsevier Ltd.  Review 2016  -nied 352 Lithium-sulfur battery the initial stage of Li-5
Lithium Sulphur Kingdom technology was reviewed.

implementation in various
applications.
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Table Al. Cont.

Refs Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
LIB; Mobility; Prognostics United Battery state estimations =~ Comprehensive descriptions
[83] and health management; JPS Elsevier B.V. Review 2014 States 349 such as SOC and SOH of future prospects were not
Safety; SOH; SOC were reviewed. mentioned.
A hybrid SOC and SOH Validation using other
[98] EV; KF; LIB; RLS; SOH; SOC JPS Elsevier B.V. Article 2015 China 341 estimation using a filter filter-based techniques was
technique was proposed. not covered.
o . SOH estimation Other important battery state
[167] BMS; L1-19n t.echnology, Real RSERF Elsevier Ltd. Review 2016 Spain 333 techniques were estimations, such as SOC,
applications; SOHE .
reviewed. were not covered.
A review on two aspects,
;LI D1 Lo caten oy bl ol e e h thernl
[63] vehicles; Pure electric and RSERF Elsevier Ltd. Review 2016 o 332 evelopment a anhagement ot batteries
hvbrid cars Kingdom thermal management were not covered
y strategies, was comprehensively.
conducted.
Further research on
Aging mechanism; DV; The aging mechanism of  lithium-manganese battery to
[168] Incremental capacity; LIB; JPS Elsevier B.V. Article 2014 China 332 five different batteries achieve on-board
SOH was analyzed. identification was not
covered.
Battery thermal Future suggestions to
[169] BM,; LIB; PC; Temperature ECMAD Elsevier Ltd. Review 2017 Hong 304 management and its ehmmatg thermal
effects; TMS Kong related issues were management issues were not
reviewed. covered.
. . A design for a multiobjective
. . A comparative analysis of .
Batteries; dc-dc converters; various EMS schemes for optimization of EMS
[72] EM; FC; hybridization; ITIED IEEE Article 2014 Canada 299 to optimize all the
T a fuel-based cell was .
optimization; SC roposed performance criteria was not
prop ’ included in the method.
A comparative study of  Filter-based techniques could
[76] BMS; BM; EV; LIB ECMAD Elsevier Ltd. Conf. Paper 2012 China 279 various model-based be employed for suitable

methods was conducted.

model parameters selection.
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Table Al. Cont.

Refs. Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
Air-cooled module; EV; LIB; United 3D Ciigiﬁ:?;ffjrere Further research on filling the
[170] TMS; Temperature rise; JPS Elsevier Ltd. Article 2013 265 P . air gaps and analyzing heat
. . States air-cooled PHEV Li-ion
Temperature uniformity b transfer was not performed.
attery module.
SOC estimation based on ~ Meta-heuristic optimization
[171] AEKF; BMS; EV; LIB; SOC ITVTA IEEE Article 2013 China 254 a filter technique was techniques may be employed
conducted. for better outcomes.
Hon, BMS in the EV The review was not
[172] BMS; LIB; SOC; SOH; SOL Energies MDPI AG Review 2011 & 253 application was .
Kong . comprehensive.
reviewed.
South Development of a Research based on a high
[74] BMS; CE; EV; LIB ITPEE IEEE Article 2013 Korea 227 Modularized Charge stack of Li-ion batteries can
Equalizer. be conducted.
South M ool batercn By Parther tudy can be
[64] Air cooling; EV; HEV; LIB JPS Elsevier Ltd. Article 2013 226 L conducted with
Korea applications was .
fuel-cell-based vehicles.
proposed.
Bayesian Inference; EV; ES; Battery health was bftfg;og;f;i:éigi?:yoée
[173] HIM. LIB; ML ITIED IEEE Article 2016 China 224 analyzed with sample conducted for better
entropy.
outcomes.
. . A cell balancing Further work to implement a
[88] Batteries; BMS; dc-de power ITVTA IEEE Article 2011  Austria 224 technique was discussed  capacity balancing strategy
converters; EV; ES iy R .
for lithium—ion batteries. can be conducted.
A 3D- electrochemical, Appropriate use of low mass
BTM; CM; Cooling model; . . United thermal modeling of the flow rates to regulate
[174] LIB ATENE Elsevier Ltd. Article 2016 States 220 battery cooling method temperature rise should be
was conducted. conducted.
Appropriate selection of
JE—— . . . S . model hyperparameters
[68] BMS; EV; LIB; NN; SOCE; IEPSD Elsevier Ltd. Article 2014  United 216 SOCestimation with NN 1 14 Be conducted by
Unscented Kalman filter States model was performed.

employing optimization
techniques.
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Table Al. Cont.

Refs. Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
State estimation methods
BMS; BM; BSE; Capacity . . for lithium—ion batteries Issues and challenges were
[175] estimation; HEV; LIB JPS Elsevier Article 2015 Germany 208 in EV applications were not discussed.
reviewed.
Heating; LIB; Low United s]tDrz‘t/: l?fs?(e)?il?}iiiit—lﬂ)gn Effect of the heating model
[176] catng, 0 ELCAA Elsevier Ltd. Article 2013 203 81e . on battery cycle life should
temperature; Modeling; TMS States batteries operating at b e
e quantified.
subzero temperatures.
. The effect of forced cooling
Implementation of d licati f PCM
Convection cooling; John Wiley & appropriate cooling and application of PCMs at
[177] . ; IJERD Article 2013  Canada 199 . oy . the battery pack boundaries
Discharge; LIB; MM; TMS Sons, Inc. strategies for lithium—ion
. should be further
batteries. . .
investigated.
Future work can be
BMS; CB; Cell Equalization; United An energy-sharing SOC conducted based on other
[67] DCDC Converter; EV; LIB; ITIED IEEE Article 2015 States 198 balancing control scheme  battery applications such as
BP; SG; SOC was developed. DC micro grids and
aerospace battery systems.
A cooling structure for Validation with other models
[73] LIB; Metal foam; PCM; TMS JPS Elsevier Ltd. Article 2014 China 195 lithium—ion batteries was was not comprehensively
developed. performed.
\grzi‘:llse‘ll\i/tﬁfjrii—iczi The battery state estimation
[71] EV; EMS; LIB; SOC; SOH IEEE Access IEEE Review 2018 Malaysia 194 . was not reviewed
battery technologies was .
comprehensively.
conducted.
T TR, DI Developed a SOC
[178] . .Battery, EV; LIB; PI; ITVTA IEEE Article 2014 China 188 estimation technique for Complex methodology.
Sliding-mode observer; SOC S . .
lithium—ion batteries.
BN i cold e Cooing whniguioed  Fusborwork maye
[179]  Local temperature difference; ECMAD Elsevier Ltd. Article 2015 China 185 yzmg

MT

liquid-cooled cylinder
was presented.

the entrance size with regard
to heat dissipation.
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Refs. Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
Capacitv: Deeradation: EV: SOH estimation Issues and challenges were
[180] pacity; Leg ro JPS Elsevier B.V. Review 2018 China 179 techniques were analyzed not comprehensivel
Impedance; LIB; SOH 1 y p y
P T and reviewed. described.
Cooling configuration; EV; Thermal issues and Future suggestions for
[181] LIB; Temperature JPS Elsevier B.V. Review 2017 China 177 cooling configurations developing enhanced cooling
distribution; TMS were reviewed. strategies were not covered.
. The review was not
[182] LIB; E\i’ui?vlj’ RkUl’n Thermal JCLEPRO Elsevier B.V. Review 2018 Malaysia 177 SOH;r;feIig\ﬁet‘e;il;lques comprehensive based on
Yy, Aging ) SOH and RUL.
Development of a parameter
. . Presented a state . . .
[eo]  BMS electrochemical model; IETTE IEEE Article 2013 United 176 estimation strategy for estimation technique for
LIB; PDE observer design States lithium—ion battories estimating parameter
' changes.
The issues associated with
) ) . Various battery thermal various battery thermal
[183] BIM; LgaBé tl;lre%tv%gerahon ATENF Elsevier Ltd. Review 2019 Ii(z:g; 173 management systems management systems were
v were reviewed. not covered
comprehensively.
. Conducted a comparative . .
Convergence behavior; EKF; studv for the SOC Appropriate data sampling
[184] LIB; Robust estimation; JPS Elsevier Ltd. Article 2013 Germany 166 Stucy s . techniques can be used for
estimation of lithium—ion
SOCE . better outcomes.
batteries.
. . . . . . . . Requires a sufficient amount
[185] BMS; LIB; LSTM; ML; NN; ITIED IEEE Article 2018 Canada 165 SOC estimation with of data to deliver satisfactory
RNN; SOC LSTM networks.
SOC results.
Development of a phase fr?j:;;eseiusci?yacseﬂlsg}cflrl
[186] LIB; Nail penetration; PCM; JPS Elsevier B.V. Article 2017 United 163 Change composite state-of-charge, and spacing
TMS; Thermal runaway States material for thermal
runaway protection between cells should be
yp ’ studied in the future.
TV T b . SOC estimation Issues and challenges related
sevier B.V. eview ina techniques were to estimation were not
[89] BMS; EV; Estimation error; JPS Elsevier BV Revi 2018 Chi 162 hniq SOC esti .

LIB; SOC

reviewed.

covered.
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Refs. Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
T Other charging scenarios
. Optimization of a heat .
HP; LIB; Numerical model; . . . . should be considered for
[79] T™S ATENF Elsevier Ltd. Article 2015 Singapore 162 pipe thermal better validation of the
management system.
proposed method.
Dlrji;ig:f;;?igaot;ery Future work can be
BMS; dc-dc power converters; 4 uasi-resonant performed with a battery
[93] EV; equalizers; LIB; ITPEE IEEE Article 2015 China 161 q pack with more than a
- LC converter and boost .
zero-current switching hundred cells in EV
converter application
is proposed. pp ’
The execution of RC model in
LIB; Online estimation; SOC; . . SOC, SOH, and SOF SOF estimation can be
[187] SOF; SOH ITVIA IEEE Article 2018 China 159 estimation is performed. performed to estimate
non-instantaneous power.
Pow.e ’ managem.ent Battery health models can be
. . techniques for optimal . .
Batteries; electrochemical United balance e lithium—ion integrated with a control
[188] modeling; OC; PHEV; PM; IETTE IEEE Article 2013 158 algorithm to develop
) States battery pack health and
stochastic control ener accurate power management
&Y techniques.
consumption cost.
Capacity degradation SOH and RUL estimation Thel})feleii;ve;s\?e(c)lu;\fi?;n te;ecan
[82] parameter; LIB; RUL; SOH; JPS Elsevier B.V. Article 2014 China 154 of lithium—ion batteries is . . p
inclusion of other battery
SVM conducted.
parameters.
Discussed battery
management system, and The issues related to the
[189] BTM; EV; Liquid; TE; VIM ECMAD Elsevier Ltd. Review 2019 China 152 a systematic review of the liquid-based system in EV
liquid-based system is were not discussed.
performed.
Acing: batteries: lifetime SOC and SOH estimation Careful selection of data
[190] M8 ! ITVTA IEEE Article 2017  Canada 151 of the lithium—ion battery samples should be

estimation; NN; SOC; SOH

was conducted.

performed.
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Refs. Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
Battery cooling; Electrode The hgiastsf?e;iicffn and Future suggestions could be
[191] modification; HG; LIB; TMS; JPS Elsevier Review 2015 Canada 150 - 'P . discussed more
Lithium—ion batteries are .
P . comprehensively.
reviewed.
. . . . . Further research is required
[192] BIM; HP; LIB; PCM; JPS Elsevier B.V. Article 2014  United 144 Battery thermal-related =, U 21401 the model with
Thermal network model Kingdom issues were investigated. L. .
other existing literature.
Dual-scale; Inconsistency; SOC estimation of the
(7] LIB; Model-based; SOC; JPS Elsevier B.V. Artile 2015  China 139 lithium-ion battery pack  Validation with other models
- for EV applications was was not performed.
Uncertainty
performed.
DL technique-based SOC Suitable model
BMS; DNN; ESS; LIB; LM; . . estimation of a hyperparameters should be
[193] SOCE JPS Elsevier B.V. Article 2018 Canada 138 lithium—ion battery was selected for accurate
performed. outcomes.
Double scale; LIB; PF; SOC estimation for Validation with other models
[91] Remaining available energy; ITIED IEEE Article 2017 China 136 lithium—ion batteries with
. . was not performed.
SOC a particle filter.
Aging; EV; Dispersion; cceklllas rj\f;nii;g?n(;ffgl The increased variation with
[95] Distribution; Production; JPS Elsevier Article 2015 Germany 135 Wvas pet] y new cells should be
- capacity and impedance . )
Variation investigated.
measurements.
Aceine mechanism: Batter Data-driven based SOH
g}i}eaﬁh c?ica E;oztic,s ;1 de y United and RUL estimation DL-based SOH and RUL
[194] 148 . RSERF Elsevier Ltd. Review 2019 . 130 techniques for estimation techniques were
prognostics; Data-driven Kingdom s . . .
lithium—ion batteries not included.
approach; EV; LIB; SE .
were reviewed.
Ageing testing and
United Exploration of varied analysis may be performed to
[195] BMS; BP; EV; ECM; LIB JPS Elsevier Article 2016 Kingdom 130 properties of cells evaluate the impact of

connected in parallel.

connecting cells in parallel on
ageing.
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Refs. Keywords Journal Name Publisher Article Type Year Country Total Citations Contributions Research Gaps/Limitations
Model-based SOC Validation was not
[196] LIB; MECM; SOC; UKF JPS Elsevier Article 2014 China 129 estimation of lithium—ion .
. conducted comprehensively.
batteries.
An experiment based on
dynamic life cycle was .
. [P . Further experiments can be
[92] Capacity loss model; CL; EV; JPS Elsevier B.V. Article 2014 China 129 developed .and capacity perfumed with battery packs
LIB; SOH loss was simulated by L
: for EV applications.
employing a
semi-empirical method.
Cotertte progmonts LI, United Aging model was [0 O AR OB TR B!
[197] Y Prog ’ . JPS Elsevier Article 2015 126 developed for . .
NMC-LMO cathode; PHEV; States oy . . aging propagation among
. .. Lithium—ion batteries. .
Semi-empirical model cells in a battery.
Capacity; EV; LIB; Resistance; SOH estimation of a Su;z]:ritseej: (;trllzlntﬁii]zadti;y
[96] pacity, BV W72 ! JPS Elsevier Article 2014  Sweden 126 lithium—ion battery was b
SOC; SVM conducted samples should be
' performed for accurate SOH.
BR; Failure modes, Failure modes and Fgrther resear.Ch based on
mechanisms, and effects United mechanisms of design and testing should be
[80] ! JPS Elsevier B.V. Review 2015 125 N . . conducted to develop a better
analysis; LIB; States lithium—ion batteries .
. . . and more reliable battery
Physics-of-failure were discussed.
management system.
AC; Local temperature Th(;;r/r;?(l)ngédfeolrv;as The outcomes when the cell
[198] v P ATENF Elsevier Ltd. Article 2015  China 124 evelopec fora. is in the flow direction
difference; MT; PB; TMS cylindrical lithium—-ion
should be analyzed carefully.
power battery pack.
Development of a heat .
. . . The effectiveness of flat heat
[199] C5; HP; HEV; LIB; Transient ATENF Elsevier Ltd. Article 2014  France 124 pipe to mitigate the pipes under different road

input power

temperature of a battery
module.

conditions should be studied.
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SOC estimation Suitable meta-heuristic
Battery in the loop; capacity; . . framework for techniques could be
[200] HIF; LIB; Multiscale; SOC ITPEE IEEE Article 2018 China 122 lithium—ion batteries with employed for better model
a filter technique. parameter selection.
BTM; EV; Electro-thermal United Thermal modelling for a mAdcelll eile%tn;alvdly narglcrsl d
[201] model; Finite volume JPS Elsevier Ltd. Article 2012 e 122 lithium—ion battery was oce’ can be deve opec d
. Kingdom effects on the voltage and
method; LIB constructed. .
temperature can be studied.
T
[202] BTM; Pe.asswe‘system; PCM; JPS Elsevier B.V. Review 2018 France 121 battery thermal systems for EV applications
Semi-passive system management system was
were not covered
conducted. .
comprehensively.
Further work to estimate
BIM; BMS; EV; LIB; . .
[203]  Perturbation; PCC; SG; SOC; ITIED IEEE Article 2014  United 121 _ Proposed an online SOH could be conducted by
SOH States impedance measurement. utilizing the online
measurement.
Develobed a Real-time optimization can
BA; BMS; Charge control ma therr?a tical be achieved by combining a
[204] optimization; EV; ITVTA IEEE Article 2017 China 120 . .. coupled
. . formulation to optimize .
Experimental validation electro-thermal-aging model
the control problem. . . ;
with an adaptive estimator.
An RUL prediction Further research should be
BMS; EV; LIB; PF; Prognostics . Hong framework was based on the hybridization of
[205] and health management IEIMA IEEE Article 2016 Kong 120 developed for the proposed model with
lithium—ion batteries. other data-driven models.
Advanced vehicle control
systems; BMS; BP; Charging United Explored the utilization Battery charging parameters
[206] time; EPSC; PHEV; AC; PRACE IEEE Conf. Paper 2011 States 120 of charging strategies for ~ with aging should be studied

Computational speed; OC;
LIB

charging.

with the proposed model.
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Reviewed various energy
The fuel-cell based energy
BMS; BM; BT; EMS; ESS; . storage and management . .
[207] HESS; LIB; UC JESTPE IEEE Review 2016  Canada 119 systems for EV storage was not fzons1dered in
. the review.
applications.
The work was not
BR; Battery second use; Grid . . United Discussed various battery ~ comprehensive and lacked
[208] stabilization; LIB Energies MDPTAG Review 2019 States 118 technologies. the addressment of BMS and
its applications.
TR N . Factors such as pressure drop
[209] EV; LIB; Mlnl—channel ATENF Elsevier Ltd. Article 2016 United 117 Proposed a thermal and pump power should be
cooling; TMS States management system. .
carefully studied.
The trend based on the
. B D £ . The assessment of an relationship between inlet air
[210] HEV; LIB,’ BP; Pin fin heat JPS Elsevier B.V. Article 2015 United 117 air-cooled module was velocity and temperature
sink; TMS States
conducted. should be further
investigated.
Gale;km; dHE\tll, T;I.Bl\;/IM(;)ciel A simplification of the The proposed method can
[211] oraer reduction, Vlode JPS Elsevier B.V. Article 2012  Canada 117 lithium—ion battery also be implemented in
simplification; Porous model was presented charging applications
electrode p ' 818G app ’
Current battery Battzgp%s;?gﬁrngfgts tem
[212] Battery; E.’MS; CS; FEV; HEV; PMDEE SAGE Review 2013  Germany 116 techn.ology for the discussed comprehensively
Lead-acid battery; LIB; SC Publishing automotive industry was . . .
. with regard to its various
discussed. .
applications.
EV: LIB: Liquid metal New technology based on  Future work can be based on
[213] 7 =Py Hqu cta ECMAD Elsevier Ltd. Article 2016 China 115 coolant was proposed for optimizing the cooling
cooling; TMS
thermal management. channel.
Future suggestions for the
e ) ) Lithium—ion battery implementation of
[214] BM; ED; HPPC-test; LIB; Energies MDPI AG Article 2012 Belgium 114 technologies were lithium—ion battery

Performance tests; PD; RC

investigated.

technologies were not
presented.
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A method to preheat Further investigation based
HGR; Internal preheating; . . . lithium—ion batteries at ~ on the selection of amplitude
[215] LIB; Low temperature JPS Elsevier Article 2015 China 12 low temperatures was and frequency of AC current
developed. should be studied.
A thermal management The phenomenon of
EV; Flat plate loop heat pipe; model based on a flat temperature shoot-up during
[216] LIB; TMS ATENF Elsevier Ltd. Conf. Paper 2016 Indonesia 111 plate loop he;.it pipe for start should be reduced for
EV applications was
. better outcomes.
studied.
Developed a model to Future work can be based on
[217] BC; BD; Charge optimization; JESTPE IEEE Article 2014 United 110 minimize vehicle the 1mplementat10n of pro
EV; LIB States . work in onboard vehicle
charging costs.
chargers.
A Thevenin-equivalent
[218] Batteries; BMS; EV;. EC; ITCNE IEEE Article 2014  Finland 109 circuit-based lithium—ion Further work can focus on
Parameter extraction battery model was temperature and rate effects.
developed.
SOC estimation Improved KF techniques can
[219] SOCE; HEV; KF;, PHEV JPS Elsevier Ltd. Article 2013 Canada 106 framework for be employed for better SOC
lithium—ion batteries. outcomes.
Empl.oyed Other capacity fading models
comprehensive thermal P
United and EV powertrain rom other battery
[220] BD; EV; V2G JPS Elsevier B.V. Article 2016 105 . technologies can be
States models to estimate SOC, . .
. implemented with the
current, internal
. proposed work.
resistance, etc.
The thermal behavior of
Channeled liquid cooling; lithium—ion batteries was Work based on optimizing
[65] LIB; TMS; Numerical JHMA Elsevier Ltd. Article 2018 China 104 studied during charging channeled liquid flow was

simulation; Thermal model

and discharging.

not conducted.
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Comparison; LIB; NLF; ;ﬁﬁozz dn}g?f}llsevs\.lgé Real-time implementation of
[221] Online implementation; ITIAC IEEE Article 2018 China 104 haty: L - the proposed method can be
estimation of lithium—ion .
SOCE . carried out.
batteries.
. . . Appropriate selection of
BMS; LiFePOy battery; Model A SOC estimation h
arameters estimation; framework was battery parameters such as
[94] pa . . JPS Elsevier B.V. Article 2015  Australia 103 voltage, current, and
Multiple adaptive forgetting developed for temperature was not carried
factors; RLSE; SOCE lithium—ion batteries. p out
Entropy weight method; A SOH estimation of The proposed model can be
[222] Grey relational 'analy51s; ' IPS Elsevier B.V. Article 2019 China 102 lithium—ion batteries integrated w'1th qther models
Incremental capacity analysis; framework was and SOH estimation accuracy
LIB; SOH developed. can be calculated.
Studied different coolants Further investigation to
[223] Coolants; CP; CS; LIB ATENF Elsevier Ltd. Review 2018 China 101 and cooling strategies for  select a better coolant should
lithium—ion batteries. be conducted.
. Further investigation should
Proposed a design of a be conducted to demonstrate
[224] BMS; CM; CE; EV; LIB; SOCE - IEEE Conf. Paper 2012 Austria 100 battery management .
the effectiveness of the
system. b
attery management system.
The impact of cell design on
Battery thermal efficiency; . temperature variation
. . Reviewed thermal i
[225] BTM; Cell thermal‘ design; JPS Elsevier B.V. Article 2017 United 99 management in the within the ce}l and the
Extreme fast charging; HG; States batterv storage svstem temperature imbalance
LIB y 8€ 5y ’ within the pack should be
studied.
Modeling of the electrical Rapid and fast charging
[226] BT; EV; Electro-thermal JPS Elsevier Ltd. Article 2014 Singapore 99 and thermal behavior of scenarios during driving

model; HG; LIB

lithium—ion batteries was
constructed.

conditions were not covered
in the study.
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Study to al?alyze battery Development of smart
United degradation through degradation control
[227] Battery; BT, PHEV JPS Elsevier Ltd. Article 2011 98 experiments for .
States . . . strategies should be
lithium—ion batteries was
performed.
proposed.
Adaptive extended Kalman SOC estimation of a A?.iglslg;t;ggglﬁﬁgﬁgge
[228] filter; BP; EV; Filtering; SOC; JPS Elsevier Ltd. Article 2013 China 96 lithium—ion battery pack
. undertaken for better
Unit model was presented.
outcomes.
. L Other data sampling
s RUL prediction of the .
BMS; EV; Health indicator; . . 1 . strategies could be employed
[229] LIB; Moving window; RUL ITVTA IEEE Article 2019 China 95 lithium—ion battery was and the outcomes can be
proposed.
compared.
SOC estimation for An accurate selection of
[97]  BPNN;BSA; EV; LIB;SOC  IEEE ACCESS IEEE Article 2018 Malaysia 95 lithium-ion batteries was  battery parameters and data
proposed by the neural samples should be
network model. conducted.
A new instrument was
Internal resistance: LIB: developed in a lab to Further study is required to
[230] ) - JPS Elsevier B.V. Article 2011  Germany 95 satisfy the requirements  validate the newly developed
On-board diagnosis; SOH . '
of electrochemical instrument.
impedance.
Proposed mini channel Further investigation is
EV; LIB; Mini-channel United cooling for the battery required to study the effect of
[231] cooling; NP; TMS; Thermal ATENF Elsevier Ltd. Article 2017 States 93 system to investigate the multifunctional
runaway ability to mitigate material-based electrodes for
thermal runaway:. mitigating thermal runaway.
Appropriate selection of
) N . Developed an SOC
[232] ECM; BMS; EV; LIB; NN; ITVTA IEEE Article 2016  Australia 93 estimation framework for neural network
S0C hyperparameters was not

lithium—ion batteries.

considered.
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Investigated the features Dfei;‘;ﬁzerielggrig;ﬁg;y;
[233] Battery; BD; EV; L1B; ITIAC IEEE Artice 2015  United 93 ofalithium-ion battery 400 the implementation
Modeling; SOC; SOH States pack with parallel .
: of cell impedance and
connections. .
resistance.
A model-based . .
. Further investigation
Battery charging framework was . . ¢
optimization; EV; developed to enable regarding the adjustment o
[234] p S TII IEEE Article 2018 Sweden 91 . charging patterns for a
Electrothermal-aging model; accurate and effective fast . T
Lo . U . certain application must be
Fast charging; LIB charging of lithium-ion
. explored.
batteries.
United An SOC estimation Model hyperparameters
[235] ANN; DC; EV; LIB; SOC ITIAC IEEE Article 2015 Arab 90 framework was should be selected
Emirates developed. appropriately.
Dovcoped bty Tt e
[236]  [MS EViLIB; Thermoelectric ITVTA IEEE Article 2013 oaudi 90 thermal management appropriate thermal
coolers Arabia system for lithium-ion
b . responses and energy
atteries. :
consumption.
EV; LIB; Model simplification; ' ﬁ;liSOCvjstlrr;atlon d Ehe effzc;ggnes;rorf tt}ilen
[237] Pseudo-two-dimensional JPS Elsevier B.V. Article 2015 China 89 eciinique was propose propose estimatio
with an improved single  technique could be observed
model; SOC . . . ..
particle model. in real-time applications.
Bess;tilzlflgiji[;i?f:aorr;;nd United Developed a fault Only lower-order systems
[238] ’ 5 IETTE IEEE Article 2014 89 isolation mechanism for were considered for
observers; Luenberger States iy . . . .
lithium—ion batteries. experimentations.
observers; System transform
EV; Lithium-ion battery; . .
. . An equivalent circuit .
Fault diagnosis; The influence of
Equivalent circuit model; model was developed to an online balance process on
[239] d ’ TPE IEEE Article 2020 China 88 analyze the internal short

Long short-term memory
recurrent neural network;
Modified adaptive boosting

circuit detection of
lithium—ion batteries.

internal short circuit
detection should be studied.
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Framed a battery life
Further work should be
BAM; Battery lifetime Inderscience . United estimation technique
[240] estimation; ESS; PHEV IJPELEC Publishers Article 2012 States 88 based on DOD and cor}ductefl FO explore
real-time driving features.
temperature.
Wiley tlo)i‘s/filr?lif: t;efzr;r::rvnolfrl; Hybridized state estimation
[241] EMS; SOC; HEV; LIB; PPC Complexity Hindawi Article 2020 China 87 . can be performed for better
power capability of rediction accurac
lithium—ion batteries. P ¥
Future work may focus on
State of power (SOP) improving the robustness of
[242]  Battery; BMS; EV; LIB; SOC JPS Elsevier B.V. Review 2016 Germany 86 estimation frameworks SOP techniques under

for lithium-ion batteries
were reviewed.

various conditions, such as
wide temperature ranges,
including low temperatures.

AB = Automotive Batteries, AC = Air Cooling, ACS = Automobile Cooling Systems, Al = Artificial Intelligence, AM = Aging of Materials, AP
= Accurate Prediction, AT = Atmospheric Temperature, ATENF = Applied Thermal Engineering, AV = Amphibious Vehicles, BD = Battery
Degradation, BFD = Battery Fault Diagnosis, BM = Battery Modeling, BMS = Battery Management Systems, BP = Battery Pack, BTM = Battery
Thermal Managements, CE = Capacity Estimation, CS = Cooling Systems, CT = Circuit Theory, CV = Commercial Vehicles, DDC = DC-DC
Converters, DR = Discharge Rates, DS = Digital Storage, EB = Electric Batteries, EC = Equivalent Circuits, ECM = Equivalent Circuit Model, ECMAD
= Energy Conversion and Management, ED = Electric Discharges, ELCAA = Electrochimica Acta, EMC = Electric Machine Control, EMS = Energy
Management Systems, EPTN = Electric Power Transmission Networks, ES = Energy Storage, ESS = Energy Storage Systems, EV = Electric Vehicles,
GG = Greenhouse Gases, HED = High Energy Densities, HEV = Hybrid Electric Vehicle, HG = Heat Generation, HP = Heat Pipes, HR = Heat
Resistance, HT = Heat Transfer, HV = Hybrid Vehicles, IEIMA = IEEE Transactions on Instrumentation and Measurement, IEPSD = International
Journal of Electrical Power and Energy Systems, IETII = IEEE Transactions on Industrial Informatics, IETTE = IEEE Transactions on Control
Systems Technology, IIEM = IEEE Industrial Electronics Magazine, IJERD = International Journal of Energy Research, IJESTPE = IEEE Journal of
Emerging and Selected Topics in Power Electronics, JHMA = International Journal of Heat and Mass Transfer, IJPE = International Journal of Power
Electronics, ITCNE = IEEE Transactions on Energy Conversion, ITIED = IEEE Transactions on Industrial Electronics, ITVTA = IEEE Transactions on
Vehicular Technology, ITIAC = IEEE Transactions on Industry Applications, ITPEE = IEEE Transactions on Power Electronics, JESOA = Journal
of the Electrochemical Society, JPS = Journal of Power Sources, LA = Lithium Alloys, LAB = Lead Acid Batteries, LB = Lithium Batteries, LC =
Lithium Compounds, LE = Laboratory Environment, LIB = Lithium—ion Batteries, LIC = Lithium-ion Cells, LS = Learning Systems, ML = Machine
Learning, MM = Mathematical Models, MT = Maximum Temperature, MTR = Maximum Temperature Rise, NF = Nonlinear Filtering, NN = Neural
Networks, OCV = Open Circuit Voltage, OT = Operating Temperature, PC = Power Converters, PCM = Phase Change Materials, PE = Parameter
Estimation, PHEV = Plug-In Hybrid Electric Vehicle, PHV = Plug-in Hybrid Vehicles, PMDEE = Proceedings of the Institution of Mechanical
Engineers, Part D: Journal of Automobile Engineering, PRACE = Proceedings of the American Control Conference, RH = Reconfigurable Hardware,
RO = Reliable Operation, RSERF = Renewable and Sustainable Energy Reviews, RUL = Remaining Useful Lives, SB = Secondary Batteries, SC =
Solar Cells, SG = Smart Grid, SOC = State Of Charge, SOCE = State-of-charge Estimation, SOH = State of Health, SPG = Smart Power Grids, TB =
Thermal Behaviors, TC = Temperature Control, TD = Temperature Differences, TE = Thermoelectric Equipment, TM = Thermal Management, TMS
= Thermal Management Strategy, TR = Thermal Runaways, TU = Temperature Uniformity, TVC = Thermal Variables Controls.



Batteries 2022, 8, 219 51 of 59

References

1.  Gohoungodji, P.; N'Dri, A.B.; Latulippe, J.-M.; Matos, A.L.B. What is stopping the automotive industry from going green? A
systematic review of barriers to green innovation in the automotive industry. J. Clean. Prod. 2020, 277, 123524. [CrossRef]

2. Zhang, C.; Yang, F,; Ke, X,; Liu, Z.; Yuan, C. Predictive modeling of energy consumption and greenhouse gas emissions from
autonomous electric vehicle operations. Appl. Energy 2019, 254, 113597. [CrossRef]

3. Lipu, M.H.; Hannan, M.; Karim, T.F; Hussain, A.; Saad, M.H.M.; Ayob, A.; Miah, S.; Mahlia, T.I. Intelligent algorithms and
control strategies for battery management system in electric vehicles: Progress, challenges and future outlook. . Clean. Prod. 2021,
292,126044. [CrossRef]

4. Falcao, E.A.M.; Teixeira, A.C.R.; Sodre, ].R. Analysis of CO, emissions and techno-economic feasibility of an electric commercial
vehicle. Appl. Energy 2017, 193, 297-307. [CrossRef]

5. Wang, Z,; Jochem, P; Yilmaz, H.; Xu, L. Integrating vehicle-to-grid technology into energy system models: Novel methods and
their impact on greenhouse gas emissions. J. Ind. Ecol. 2021, 26, 392—405. [CrossRef]

6.  Sacchi, R.; Bauer, C.; Cox, B.; Mutel, C. When, where and how can the electrification of passenger cars reduce greenhouse gas
emissions? Renew. Sustain. Energy Rev. 2022, 162, 112475. [CrossRef]

7. Kouridis, C.; Vlachokostas, C. Towards decarbonizing road transport: Environmental and social benefit of vehicle fleet electrifica-
tion in urban areas of Greece. Renew. Sustain. Energy Rev. 2021, 153, 111775. [CrossRef]

8. LiJ; Wu, X; Xu, M;; Liu, Y. A real-time optimization energy management of range extended electric vehicles for battery lifetime
and energy consumption. . Power Sources 2021, 498, 229939. [CrossRef]

9. Mali, V,; Saxena, R.; Kumar, K.; Kalam, A.; Tripathi, B. Review on battery thermal management systems for energy-efficient
electric vehicles. Renew. Sustain. Energy Rev. 2021, 151, 111611. [CrossRef]

10. Wang, Z.; Feng, G.; Zhen, D.; Gu, F; Ball, A. A review on online state of charge and state of health estimation for lithium-ion
batteries in electric vehicles. Energy Rep. 2021, 7, 5141-5161. [CrossRef]

11. Hannan, M.A; Lipu, M.S.H.; Hussain, A.; Ker, PJ.; Mahlia, TM.I.; Mansor, M.; Ayob, A.; Saad, M.H.; Dong, Z.Y. Toward Enhanced
State of Charge Estimation of Lithium-ion Batteries Using Optimized Machine Learning Techniques. Sci. Rep. 2020, 10, 4687.
[CrossRef] [PubMed]

12.  Aaldering, L].; Leker, J.; Song, C.H. Analysis of technological knowledge stock and prediction of its future development potential:
The case of lithium-ion batteries. J. Clean. Prod. 2019, 223, 301-311. [CrossRef]

13. Xiong, R,; Pan, Y;; Shen, W.; Li, H.; Sun, E Lithium-ion battery aging mechanisms and diagnosis method for automotive
applications: Recent advances and perspectives. Renew. Sustain. Energy Rev. 2020, 131, 110048. [CrossRef]

14. Lin, Q.; Wang, J.; Xiong, R.; Shen, W.; He, H. Towards a smarter battery management system: A critical review on optimal
charging methods of lithium ion batteries. Energy 2019, 183, 220-234. [CrossRef]

15. Ali, M.U,; Zafar, A.; Nengroo, S.H.; Hussain, S.; Alvi, M.].; Kim, H.-]. Towards a Smarter Battery Management System for Electric
Vehicle Applications: A Critical Review of Lithium-Ion Battery State of Charge Estimation. Energies 2019, 12, 446. [CrossRef]

16. Dai, H,; Jiang, B.; Hu, X.; Lin, X.; Wei, X.; Pecht, M. Advanced battery management strategies for a sustainable energy future:
Multilayer design concepts and research trends. Renew. Sustain. Energy Rev. 2020, 138, 110480. [CrossRef]

17. Hu, X,; Deng, X.; Wang, E; Deng, Z.; Lin, X.; Teodorescu, R.; Pecht, M.G. A Review of Second-Life Lithium-Ion Batteries for
Stationary Energy Storage Applications. Proc. IEEE 2022, 110, 735-753. [CrossRef]

18.  Xiong, R.; Yu, Q.; Shen, W,; Lin, C.; Sun, F. A Sensor Fault Diagnosis Method for a Lithium-Ion Battery Pack in Electric Vehicles.
IEEE Trans. Power Electron. 2019, 34, 9709-9718. [CrossRef]

19.  Ye, M.; Gong, H.; Xiong, R.; Mu, H. Research on the Battery Charging Strategy With Charging and Temperature Rising Control
Awareness. IEEE Access 2018, 6, 64193-64201. [CrossRef]

20. Choi, W,; Kim, J.; Lee, S.; Park, E. Smart home and internet of things: A bibliometric study. J. Clean. Prod. 2021, 301, 126908.
[CrossRef]

21. Bortoluzzi, M.; de Souza, C.C.; Furlan, M. Bibliometric analysis of renewable energy types using key performance indicators and
multicriteria decision models. Renew. Sustain. Energy Rev. 2021, 143, 110958. [CrossRef]

22. Reza, M.; Mannan, M.; Bin Wali, S.; Hannan, M.; Jern, K.P.; Rahman, S.; Muttaqi, K.; Mahlia, T.M.I. Energy storage integration
towards achieving grid decarbonization: A bibliometric analysis and future directions. |. Energy Storage 2021, 41, 102855.
[CrossRef]

23. Wali, S.B.; Hannan, M.A.; Reza, M.S,; Ker, PJ.; Begum, R.A.; Rahman, M.S.A.; Mansor, M. Battery storage systems integrated
renewable energy sources: A biblio metric analysis towards future directions. J. Energy Storage 2021, 35, 102296. [CrossRef]

24. Shukla, A K,; Janmaijaya, M.; Abraham, A.; Muhuri, PK. Engineering applications of artificial intelligence: A bibliometric analysis
of 30 years (1988-2018). Eng. Appl. Artif. Intell. 2019, 85, 517-532. [CrossRef]

25. Arsad, A.Z,; Sebastian, G.; Hannan, M.A_; Ker, PJ.; Rahman, M.S.A.; Mansor, M.; Lipu, M.S.H. Solid State Switching Control
Methods: A Bibliometric Analysis for Future Directions. Electronics 2021, 10, 1944. [CrossRef]

26. Vignarooban, K.; Kushagra, R.; Elango, A.; Badami, P.; Mellander, B.-E.; Xu, X.; Tucker, T.; Nam, C.; Kannan, A. Current trends
and future challenges of electrolytes for sodium-ion batteries. Int. J. Hydrogen Energy 2016, 41, 2829-2846. [CrossRef]

27. Li,M,; Yang, ].; Liang, S.; Hou, H.; Hu, J.; Liu, B.; Kumar, R. Review on clean recovery of discarded/spent lead-acid battery and

trends of recycled products. J. Power Sources 2019, 436, 226853. [CrossRef]


http://doi.org/10.1016/j.jclepro.2020.123524
http://doi.org/10.1016/j.apenergy.2019.113597
http://doi.org/10.1016/j.jclepro.2021.126044
http://doi.org/10.1016/j.apenergy.2017.02.050
http://doi.org/10.1111/jiec.13200
http://doi.org/10.1016/j.rser.2022.112475
http://doi.org/10.1016/j.rser.2021.111775
http://doi.org/10.1016/j.jpowsour.2021.229939
http://doi.org/10.1016/j.rser.2021.111611
http://doi.org/10.1016/j.egyr.2021.08.113
http://doi.org/10.1038/s41598-020-61464-7
http://www.ncbi.nlm.nih.gov/pubmed/32170100
http://doi.org/10.1016/j.jclepro.2019.03.174
http://doi.org/10.1016/j.rser.2020.110048
http://doi.org/10.1016/j.energy.2019.06.128
http://doi.org/10.3390/en12030446
http://doi.org/10.1016/j.rser.2020.110480
http://doi.org/10.1109/JPROC.2022.3175614
http://doi.org/10.1109/TPEL.2019.2893622
http://doi.org/10.1109/ACCESS.2018.2876359
http://doi.org/10.1016/j.jclepro.2021.126908
http://doi.org/10.1016/j.rser.2021.110958
http://doi.org/10.1016/j.est.2021.102855
http://doi.org/10.1016/j.est.2021.102296
http://doi.org/10.1016/j.engappai.2019.06.010
http://doi.org/10.3390/electronics10161944
http://doi.org/10.1016/j.ijhydene.2015.12.090
http://doi.org/10.1016/j.jpowsour.2019.226853

Batteries 2022, 8, 219 52 of 59

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Hu, Y; Yu, Y;; Huang, K.; Wang, L. Development tendency and future response about the recycling methods of spent lithium-ion
batteries based on bibliometrics analysis. ]. Energy Storage 2019, 27, 101111. [CrossRef]

Cabeza, L.F; Frazzica, A.; Chafer, M.; Vérez, D.; Palomba, V. Research trends and perspectives of thermal management of electric
batteries: Bibliometric analysis. J. Energy Storage 2020, 32, 101976. [CrossRef]

Liu, J.; Li, J.; Wang, ]. In-depth analysis on thermal hazards related research trends about lithium-ion batteries: A bibliometric
study. J. Energy Storage 2021, 35, 102253. [CrossRef]

Zhang, P; Yan, E; Du, C. A comprehensive analysis of energy management strategies for hybrid electric vehicles based on
bibliometrics. Renew. Sustain. Energy Rev. 2015, 48, 88-104. [CrossRef]

Manenti, A.; Abba, A.; Geraci, A.; Savaresi, S. A New Cell Balancing Architecture for Li-ion Battery Packs Based on Cell
Redundancy. IFAC Proc. Vol. 2011, 44, 12150-12155. [CrossRef]

Lu, L.; Han, X;; Li, J.; Hua, J.; Ouyang, M. A review on the key issues for lithium-ion battery management in electric vehicles. J.
Power Sources 2013, 226, 272-288. [CrossRef]

Bandhauer, T.M.; Garimella, S.; Fuller, T.F. A Critical Review of Thermal Issues in Lithium-Ion Batteries. J. Electrochem. Soc. 2011,
158, R1. [CrossRef]

Hannan, M.A.; Lipu, M.S.H.; Hussain, A.; Mohamed, A. A review of lithium-ion battery state of charge estimation and
management system in electric vehicle applications: Challenges and recommendations. Renew. Sustain. Energy Rev. 2017, 78,
834-854. [CrossRef]

Bracco, S.; Delfino, F.; Pampararo, F.; Robba, M.; Rossi, M. A dynamic optimization-based architecture for polygeneration
microgrids with tri-generation, renewables, storage systems and electrical vehicles. Energy Convers. Manag. 2015, 96, 511-520.
[CrossRef]

Kim, J.; Oh, J.; Lee, H. Review on battery thermal management system for electric vehicles. J. Appl. Therm. Eng. 2019, 149, 192-212.
[CrossRef]

Xia, G.; Cao, L.; Bi, G. A review on battery thermal management in electric vehicle application. ]. Power Sources 2017, 367, 90-105.
[CrossRef]

Rezvanizaniani, S.M.; Liu, Z.; Chen, Y.; Lee, J. Review and recent advances in battery health monitoring and prognostics
technologies for electric vehicle (EV) safety and mobility. J. Power Sources 2014, 256, 110-124. [CrossRef]

Li, Y,; Liu, K,; Foley, A.M.; Ziilke, A.; Berecibar, M.; Nanini-Maury, E.; Van Mierlo, J.; Hoster, H.E. Data-driven health estimation
and lifetime prediction of lithium-ion batteries: A review. Renew. Sustain. Energy Rev. 2019, 113, 109254. [CrossRef]

Miao, Y.; Hynan, P; von Jouanne, A.; Yokochi, A. Current Li-Ion Battery Technologies in Electric Vehicles and Opportunities for
Advancements. Energies 2019, 12, 1074. [CrossRef]

Chemali, E.; Preindl, M.; Malysz, P.; Emadi, A. Electrochemical and Electrostatic Energy Storage and Management Systems for
Electric Drive Vehicles: State-of-the-Art Review and Future Trends. IEEE ]. Emerg. Sel. Top. Power Electron. 2016, 4, 1117-1134.
[CrossRef]

Chen, C; Xiong, R.; Shen, W. A Lithium-Ion Battery-in-the-Loop Approach to Test and Validate Multiscale Dual H Infinity Filters
for State-of-Charge and Capacity Estimation. IEEE Trans. Power Electron. 2017, 33, 332-342. [CrossRef]

He, H.; Xiong, R; Fan, ]J. Evaluation of Lithium-Ion Battery Equivalent Circuit Models for State of Charge Estimation by an
Experimental Approach. Energies 2011, 4, 582-598. [CrossRef]

Xiong, R.; Sun, F; Gong, X.; He, H. Adaptive state of charge estimator for lithium-ion cells series battery pack in electric vehicles.
J. Power Sources 2013, 242, 699-713. [CrossRef]

Xiong, R.; He, H.; Sun, F; Zhao, K. Evaluation on State of Charge Estimation of Batteries With Adaptive Extended Kalman Filter
by Experiment Approach. IEEE Trans. Veh. Technol. 2012, 62, 108-117. [CrossRef]

He, H,; Xiong, R.; Guo, H.; Li, S. Comparison study on the battery models used for the energy management of batteries in electric
vehicles. Energy Convers. Manag. 2012, 64, 113-121. [CrossRef]

Xiong, R.; Zhang, Y.; Wang, J.; He, H.; Peng, S.; Pecht, M. Lithium-Ion Battery Health Prognosis Based on a Real Battery
Management System Used in Electric Vehicles. IEEE Trans. Veh. Technol. 2018, 68, 4110-4121. [CrossRef]

Xiong, R.; He, H.; Sun, E; Zhao, K. Online Estimation of Peak Power Capability of Li-Ion Batteries in Electric Vehicles by a
Hardware-in-Loop Approach. Energies 2012, 5, 1455-1469. [CrossRef]

Xiong, R.; Li, L.; Tian, J. Towards a smarter battery management system: A critical review on battery state of health monitoring
methods. J. Power Sources 2018, 405, 18-29. [CrossRef]

Zheng, Y.; Ouyang, M.; Han, X,; Lu, L.; Li, ]. Investigating the error sources of the online state of charge estimation methods for
lithium-ion batteries in electric vehicles. ]. Power Sources 2018, 377, 161-188. [CrossRef]

Han, X,; Ouyang, M.; Lu, L.; Li, J. A comparative study of commercial lithium ion battery cycle life in electric vehicle: Capacity
loss estimation. J. Power Sources 2014, 268, 658-669. [CrossRef]

Han, X.; Ouyang, M.; Lu, L.; Li, J.; Zheng, Y.; Li, Z. A comparative study of commercial lithium ion battery cycle life in electrical
vehicle: Aging mechanism identification. J. Power Sources 2014, 251, 38-54. [CrossRef]

Gong, X.; Xiong, R.; Mi, C.C. Study of the Characteristics of Battery Packs in Electric Vehicles With Parallel-Connected Lithium-Ion
Battery Cells. IEEE Trans. Ind. Appl. 2014, 51, 1872-1879. [CrossRef]

Fasahat, M.; Manthouri, M. State of charge estimation of lithium-ion batteries using hybrid autoencoder and long short term
memory neural networks. J. Power Sources 2020, 469, 228375. [CrossRef]


http://doi.org/10.1016/j.est.2019.101111
http://doi.org/10.1016/j.est.2020.101976
http://doi.org/10.1016/j.est.2021.102253
http://doi.org/10.1016/j.rser.2015.03.093
http://doi.org/10.3182/20110828-6-IT-1002.00280
http://doi.org/10.1016/j.jpowsour.2012.10.060
http://doi.org/10.1149/1.3515880
http://doi.org/10.1016/j.rser.2017.05.001
http://doi.org/10.1016/j.enconman.2015.03.013
http://doi.org/10.1016/j.applthermaleng.2018.12.020
http://doi.org/10.1016/j.jpowsour.2017.09.046
http://doi.org/10.1016/j.jpowsour.2014.01.085
http://doi.org/10.1016/j.rser.2019.109254
http://doi.org/10.3390/en12061074
http://doi.org/10.1109/JESTPE.2016.2566583
http://doi.org/10.1109/TPEL.2017.2670081
http://doi.org/10.3390/en4040582
http://doi.org/10.1016/j.jpowsour.2013.05.071
http://doi.org/10.1109/TVT.2012.2222684
http://doi.org/10.1016/j.enconman.2012.04.014
http://doi.org/10.1109/TVT.2018.2864688
http://doi.org/10.3390/en5051455
http://doi.org/10.1016/j.jpowsour.2018.10.019
http://doi.org/10.1016/j.jpowsour.2017.11.094
http://doi.org/10.1016/j.jpowsour.2014.06.111
http://doi.org/10.1016/j.jpowsour.2013.11.029
http://doi.org/10.1109/TIA.2014.2345951
http://doi.org/10.1016/j.jpowsour.2020.228375

Batteries 2022, 8, 219 53 of 59

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

Hussein, A.A. Capacity Fade Estimation in Electric Vehicle Li-Ion Batteries Using Artificial Neural Networks. IEEE Trans. Ind.
Appl. 2014, 51, 2321-2330. [CrossRef]

Mastali, M.; Vazquez-Arenas, J.; Fraser, R.; Fowler, M.; Afshar, S.; Stevens, M. Battery state of the charge estimation using Kalman
filtering. J. Power Sources 2013, 239, 294-307. [CrossRef]

Zou, Y.; Hu, X.; Ma, H,; Li, S.E. Combined State of Charge and State of Health estimation over lithium-ion battery cell cycle
lifespan for electric vehicles. J. Power Sources 2015, 273, 793-803. [CrossRef]

Shen, P; Ouyang, M.; Lu, L.; Li, J.; Feng, X. The Co-estimation of State of Charge, State of Health, and State of Function for
Lithium-Ion Batteries in Electric Vehicles. IEEE Trans. Veh. Technol. 2017, 67, 92-103. [CrossRef]

Ouyang, M.; Zhang, M.; Feng, X.; Lu, L.; Li, J.; He, X.; Zheng, Y. Internal short circuit detection for battery pack using equivalent
parameter and consistency method. J. Power Sources 2015, 294, 272-283. [CrossRef]

Chen, C.; Xiong, R.; Yang, R.; Shen, W.; Sun, F. State-of-charge estimation of lithium-ion battery using an improved neural network
model and extended Kalman filter. J. Clean. Prod. 2019, 234, 1153-1164. [CrossRef]

Tang, X.; Guo, Q.; Li, M.; Wei, C.; Pan, Z.; Wang, Y. Performance analysis on liquid-cooled battery thermal management for
electric vehicles based on machine learning. J. Power Sources 2021, 494, 229727. [CrossRef]

Wang, Q.; Jiang, B.; Li, B.; Yan, Y. A critical review of thermal management models and solutions of lithium-ion batteries for the
development of pure electric vehicles. Renew. Sustain. Energy Rev. 2016, 64, 106-128. [CrossRef]

Park, H. A design of air flow configuration for cooling lithium ion battery in hybrid electric vehicles. J. Power Sources 2013, 239,
30-36. [CrossRef]

Zhao, C.; Cao, W.; Dong, T; Jiang, F. Thermal behavior study of discharging/charging cylindrical lithium-ion battery module
cooled by channeled liquid flow. Int. ]. Heat Mass Transf. 2018, 120, 751-762. [CrossRef]

Tian, J.; Xiong, R.; Shen, W.; Lu, J. State-of-charge estimation of LiFePO, batteries in electric vehicles: A deep-learning enabled
approach. Appl. Energy 2021, 291, 116812. [CrossRef]

Huang, W.; Abu Qahougq, J.A. Energy Sharing Control Scheme for State-of-Charge Balancing of Distributed Battery Energy
Storage System. IEEE Trans. Ind. Electron. 2014, 62, 2764-2776. [CrossRef]

He, W.; Williard, N.; Chen, C.; Pecht, M. State of charge estimation for Li-ion batteries using neural network modeling and
unscented Kalman filter-based error cancellation. Int. J. Electr. Power Energy Syst. 2014, 62, 783-791. [CrossRef]

Klein, R.; Chaturvedi, N.A.; Christensen, J.; Ahmed, ].; Findeisen, R.; Kojic, A. Electrochemical Model Based Observer Design for
a Lithium-Ion Battery. IEEE Trans. Control Syst. Technol. 2012, 21, 289-301. [CrossRef]

Zhou, J.; Xue, S.; Xue, Y,; Liao, Y.; Liu, J.; Zhao, W. A novel energy management strategy of hybrid electric vehicle via an improved
TD3 deep reinforcement learning. Energy 2021, 224, 120118. [CrossRef]

Hannan, M.A.; Hoque, M.D.M.; Hussain, A.; Yusof, Y.; Ker, A.P]. State-of-the-Art and Energy Management System of Lithium-lon
Batteries in Electric Vehicle Applications: Issues and Recommendations. IEEE Access Spec. Sect. Adv. Energy Storage Technol. Appl.
2018, 6, 19362-19378. [CrossRef]

Motapon, S.N.; Dessaint, L.-A.; Al-Haddad, K. A Comparative Study of Energy Management Schemes for a Fuel-Cell Hybrid
Emergency Power System of More-Electric Aircraft. IEEE Trans. Ind. Electron. 2013, 61, 1320-1334. [CrossRef]

Li, W,; Qu, Z; He, Y.; Tao, Y. Experimental study of a passive thermal management system for high-powered lithium ion batteries
using porous metal foam saturated with phase change materials. J. Power Sources 2014, 255, 9-15. [CrossRef]

Kim, C.-H.; Kim, M.-Y.; Moon, G.-W. A Modularized Charge Equalizer Using a Battery Monitoring IC for Series-Connected Li-Ion
Battery Strings in Electric Vehicles. IEEE Trans. Power Electron. 2012, 28, 3779-3787. [CrossRef]

Peng, J.; Luo, J.; He, H.; Lu, B. An improved state of charge estimation method based on cubature Kalman filter for lithium-ion
batteries. Appl. Energy 2019, 253, 113520. [CrossRef]

Tian, Y.; Xia, B.; Wang, M.; Sun, W.; Xu, Z. Comparison study on two model-based adaptive algorithms for SOC estimation of
lithium-ion batteries in electric vehicles. Energies 2014, 17, 8446-8464. [CrossRef]

Sun, E; Xiong, R. A novel dual-scale cell state-of-charge estimation approach for series-connected battery pack used in electric
vehicles. J. Power Sources 2015, 274, 582-594. [CrossRef]

Chang, C.; Zhou, X,; Jiang, J.; Gao, Y.; Jiang, Y.; Wu, T. Micro-fault diagnosis of electric vehicle batteries based on the evolution of
battery consistency relative position. J. Energy Storage 2022, 52, 104746. [CrossRef]

Ye, Y,; Saw, L.H.; Shi, Y.; Tay, A.A. Numerical analyses on optimizing a heat pipe thermal management system for lithium-ion
batteries during fast charging. Appl. Therm. Eng. 2015, 86, 281-291. [CrossRef]

Hendricks, C.; Williard, N.; Mathew, S.; Pecht, M. A failure modes, mechanisms, and effects analysis (FMMEA) of lithium-ion
batteries. |. Power Sources 2015, 297, 113-120. [CrossRef]

Wang, X.; Li, J.; Shia, B.-C.; Kao, Y.-W.; Ho, C.-W.; Chen, M. A Novel Prediction Process of the Remaining Useful Life of Electric
Vehicle Battery Using Real-World Data. Processes 2021, 9, 2174. [CrossRef]

Dong, H; Jin, X,; Lou, Y.; Wang, C. Lithium-ion battery state of health monitoring and remaining useful life prediction based on
support vector regression-particle filter. J. Power Sources 2014, 271, 114-123. [CrossRef]

Singh, S.P; Singh, PP; Singh, S.N.; Tiwari, P. State of charge and health estimation of batteries for electric vehicles applications:
Key issues and challenges. Glob. Energy Interconnect. 2021, 4, 145-157. [CrossRef]

Rezaei, H.; Ghomsheh, M.].; Kowsary, F.; Ahmadi, P. Performance assessment of a range-extended electric vehicle under real
driving conditions using novel PCM-based HVAC system. Sustain. Energy Technol. Assessments 2021, 47,101527. [CrossRef]


http://doi.org/10.1109/TIA.2014.2365152
http://doi.org/10.1016/j.jpowsour.2013.03.131
http://doi.org/10.1016/j.jpowsour.2014.09.146
http://doi.org/10.1109/TVT.2017.2751613
http://doi.org/10.1016/j.jpowsour.2015.06.087
http://doi.org/10.1016/j.jclepro.2019.06.273
http://doi.org/10.1016/j.jpowsour.2021.229727
http://doi.org/10.1016/j.rser.2016.05.033
http://doi.org/10.1016/j.jpowsour.2013.03.102
http://doi.org/10.1016/j.ijheatmasstransfer.2017.12.083
http://doi.org/10.1016/j.apenergy.2021.116812
http://doi.org/10.1109/TIE.2014.2363817
http://doi.org/10.1016/j.ijepes.2014.04.059
http://doi.org/10.1109/TCST.2011.2178604
http://doi.org/10.1016/j.energy.2021.120118
http://doi.org/10.1109/ACCESS.2018.2817655
http://doi.org/10.1109/TIE.2013.2257152
http://doi.org/10.1016/j.jpowsour.2014.01.006
http://doi.org/10.1109/TPEL.2012.2227810
http://doi.org/10.1016/j.apenergy.2019.113520
http://doi.org/10.3390/en7128446
http://doi.org/10.1016/j.jpowsour.2014.10.119
http://doi.org/10.1016/j.est.2022.104746
http://doi.org/10.1016/j.applthermaleng.2015.04.066
http://doi.org/10.1016/j.jpowsour.2015.07.100
http://doi.org/10.3390/pr9122174
http://doi.org/10.1016/j.jpowsour.2014.07.176
http://doi.org/10.1016/j.gloei.2021.05.003
http://doi.org/10.1016/j.seta.2021.101527

Batteries 2022, 8, 219 54 of 59

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

Ecer, F. A consolidated MCDM framework for performance assessment of battery electric vehicles based on ranking strategies.
Renew. Sustain. Energy Rev. 2021, 143, 110916. [CrossRef]

Waag, W.; Fleischer, C.; Sauer, D.U. Critical review of the methods for monitoring of lithium-ion batteries in electric and hybrid
vehicles. J. Power Sources 2014, 258, 321-339. [CrossRef]

Zhang, Y.; Ai, Z.; Chen, ].; You, T; Du, C.; Deng, L. Energy-Saving Optimization and Control of Autonomous Electric Vehicles
With Considering Multiconstraints. IEEE Trans. Cybern. 2021, 52, 10869-10881. [CrossRef]

Einhorn, M.; Roessler, W.; Fleig, J. Improved Performance of Serially Connected Li-Ion Batteries With Active Cell Balancing in
Electric Vehicles. IEEE Trans. Veh. Technol. 2011, 60, 2448-2457. [CrossRef]

Chen, X.; Lei, H.; Xiong, R.; Shen, W.; Yang, R. A novel approach to reconstruct open circuit voltage for state of charge estimation
of lithium ion batteries in electric vehicles. Appl. Energy 2019, 255, 113758. [CrossRef]

Xu, B; Shi, J.; Li, S.; Li, H.; Wang, Z. Energy consumption and battery aging minimization using a Q-learning strategy for a
battery/ultracapacitor electric vehicle. Energy 2021, 229, 120705. [CrossRef]

Xiong, R.; Zhang, Y.; He, H.; Zhou, X.; Pecht, M.G. A Double-Scale, Particle-Filtering, Energy State Prediction Algorithm for
Lithium-Ion Batteries. IEEE Trans. Ind. Electron. 2017, 65, 1526—1538. [CrossRef]

Han, X,; Feng, X.; Ouyang, M.; Lu, L.; Li, J.; Zheng, Y.; Li, Z. A comparative study of charging voltage curve analysis and state of
health estimation of lithium-ion batteries in electric vehicle. Automot. Innov. 2019, 4, 263-275. [CrossRef]

Shang, Y.; Zhang, C.; Cui, N.; Guerrero, ].M. A Cell-to-Cell Battery Equalizer with Zero-Current Switching and Zero-Voltage Gap
Based on Quasi-Resonant LC Converter and Boost Converter. IEEE Trans. Power Electron. 2014, 30, 3731-3747. [CrossRef]
Duong, V.-H.; Bastawrous, H.A.; Lim, K; See, KW.; Zhang, P.; Dou, S.X. Online state of charge and model parameters estimation
of the LiFePOy battery in electric vehicles using multiple adaptive forgetting factors recursive least-squares. J. Power Sources 2015,
296, 215-224. [CrossRef]

Schuster, S.F.; Brand, M.].; Berg, P.; Gleissenberger, M.; Jossen, A. Lithium-ion cell-to-cell variation during battery electric vehicle
operation. J. Power Sources 2015, 297, 242-251. [CrossRef]

Klass, V.; Behm, M.; Lindbergh, G. A support vector machine-based state-of-health estimation method for lithium-ion batteries
under electric vehicle operation. J. Power Sources 2014, 270, 262-272. [CrossRef]

Lipu, M.S.; Hannan, M. A ; Hussain, A.; Saad, M.H.; Ayob, A.; Blaabjerg, F. State of charge estimation for lithium-ion battery using
recurrent NARX neural network model based lighting search algorithm. IEEE Access 2018, 6, 28150-28161. [CrossRef]

Ling, L.; Wei, Y. State-of-charge and state-of-health estimation for lithium-ion batteries based on dual fractional-order extended
Kalman filter and online parameter identification. IEEE Access 2021, 9, 47588-47602. [CrossRef]

Li, P; Zhang, Z.; Grosu, R.; Deng, Z.; Hou, J.; Rong, Y.; Wu, R. An end-to-end neural network framework for state-of-health
estimation and remaining useful life prediction of electric vehicle lithium batteries. Renew. Sustain. Energy Rev. 2021, 156, 111843.
[CrossRef]

Hong, J.; Wang, Z.; Chen, W.; Wang, L.; Lin, P.; Qu, C. Online accurate state of health estimation for battery systems on real-world
electric vehicles with variable driving conditions considered. J. Clean. Prod. 2021, 294, 125814. [CrossRef]

Kai, W.; Pang, J. State of Charge (SOC) Estimation of Lithium-ion Battery Based on Adaptive Square Root Unscented Kalman
Filter. Int. ]. Electrochem. Sci. 2020, 15, 9499-9516. [CrossRef]

Qu, J.; Liu, E; Ma, Y,; Fan, J. A Neural-Network-Based Method for RUL Prediction and SOH Monitoring of Lithium-Ion Battery.
IEEE Access 2019, 7, 87178-87191. [CrossRef]

Zheng, L.; Zhu, J.; Wang, G.; Lu, D.; He, T. Differential Voltage Analysis Based State of Charge Estimation Methods for Lithium-Ion
Batteries Using Extended Kalman Filter and Particle Filter. Energy 2018, 158, 1028-1037. [CrossRef]

Ansari, S.; Ayob, A.; Lipu, M.S.H.; Hussain, A.; Saad, M.H.M. Multi-Channel Profile Based Artificial Neural Network Approach
for Remaining Useful Life Prediction of Electric Vehicle Lithium-Ion Batteries. Energies 2021, 14, 7521. [CrossRef]

Park, K.; Choi, Y.; Choi, W.; Ryu, H.; Kim, H. LSTM-Based Battery Remaining Useful Life Prediction with Multi-Channel Charging
Profiles. IEEE Access 2020, 8, 20786-20798. [CrossRef]

Park, J.; Kim, Y. Supervised-Learning-Based Optimal Thermal Management in an Electric Vehicle. IEEE Access 2019, 8, 1290-1302.
[CrossRef]

Zhu, S.; He, C.; Zhao, N.; Sha, ]. Data-driven analysis on thermal effects and temperature changes of lithium-ion battery. J. Power
Sources 2020, 482, 228983. [CrossRef]

Yao, L.; Fang, Z.; Xiao, Y.; Hou, J.; Fu, Z. An Intelligent Fault Diagnosis Method for Lithium Battery Systems Based on Grid Search
Support Vector Machine. Energy 2020, 214, 118866. [CrossRef]

Jiagiang, E.; Zhang, B.; Zeng, Y.; Wen, M.; Wei, K; Huang, Z.; Chen, J.; Zhu, H.; Deng, Y. Effects analysis on active equalization
control of lithium-ion batteries based on intelligent estimation of the state-of-charge. Energy 2021, 238, 121822. [CrossRef]

Qiu, X.; Wu, W.; Wang, S. Remaining useful life prediction of lithium-ion battery based on improved cuckoo search particle filter
and a novel state of charge estimation method. J. Power Sources 2020, 450, 227700. [CrossRef]

Hannan, M. A ; Lipu, M.S.H.; Hussain, A.; Saad, M.H.; Ayob, A. Neural Network Approach for Estimating State of Charge of
Lithium-Ion Battery Using Backtracking Search Algorithm. IEEE Access 2018, 6, 10069-10079. [CrossRef]

Wang, W.; Li, Y,; Shi, M.; Song, Y. Optimization and control of battery-flywheel compound energy storage system during an
electric vehicle braking. Energy 2021, 226, 120404. [CrossRef]


http://doi.org/10.1016/j.rser.2021.110916
http://doi.org/10.1016/j.jpowsour.2014.02.064
http://doi.org/10.1109/TCYB.2021.3069674
http://doi.org/10.1109/TVT.2011.2153886
http://doi.org/10.1016/j.apenergy.2019.113758
http://doi.org/10.1016/j.energy.2021.120705
http://doi.org/10.1109/TIE.2017.2733475
http://doi.org/10.1007/s42154-019-00080-2
http://doi.org/10.1109/TPEL.2014.2345672
http://doi.org/10.1016/j.jpowsour.2015.07.041
http://doi.org/10.1016/j.jpowsour.2015.08.001
http://doi.org/10.1016/j.jpowsour.2014.07.116
http://doi.org/10.1109/ACCESS.2018.2837156
http://doi.org/10.1109/ACCESS.2021.3068813
http://doi.org/10.1016/j.rser.2021.111843
http://doi.org/10.1016/j.jclepro.2021.125814
http://doi.org/10.20964/2020.09.84
http://doi.org/10.1109/ACCESS.2019.2925468
http://doi.org/10.1016/j.energy.2018.06.113
http://doi.org/10.3390/en14227521
http://doi.org/10.1109/ACCESS.2020.2968939
http://doi.org/10.1109/ACCESS.2019.2961791
http://doi.org/10.1016/j.jpowsour.2020.228983
http://doi.org/10.1016/j.energy.2020.118866
http://doi.org/10.1016/j.energy.2021.121822
http://doi.org/10.1016/j.jpowsour.2020.227700
http://doi.org/10.1109/ACCESS.2018.2797976
http://doi.org/10.1016/j.energy.2021.120404

Batteries 2022, 8, 219 55 of 59

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

Li, Q. Li, D.; Zhao, K.; Wang, L.; Wang, K. State of health estimation of lithium-ion battery based on improved ant lion
optimization and support vector regression. J. Energy Storage 2022, 50, 104215. [CrossRef]

Wang, H.; Song, W.; Zio, E.; Kudreyko, A.; Zhang, Y. Remaining useful life prediction for Lithium-ion batteries using fractional
Brownian motion and Fruit-fly Optimization Algorithm. Measurement 2020, 161, 107904. [CrossRef]

Deng, T.; Ran, Y,; Yin, Y.; Liu, P. Multi-objective optimization design of thermal management system for lithium-ion battery pack
based on Non-dominated Sorting Genetic Algorithm II. Appl. Therm. Eng. 2019, 164, 114394. [CrossRef]

Zhang, W,; Liang, Z.; Wu, W.; Ling, G.; Ma, R. Design and optimization of a hybrid battery thermal management system for
electric vehicle based on surrogate model. Int. ]. Heat Mass Transf. 2021, 174, 121318. [CrossRef]

Lipu, M.S.H.; Hannan, A.M.; Hussaion, A.; Ansari, S.S.; Rahman, A.S.; Saad, M.H.; Muttaqi, K. Real-time State of Charge
Estimation of Lithium-ion Batteries Using Optimized Random Forest Regression Algorithm. IEEE Trans. Intell. Veh. 2022, 1.
[CrossRef]

Lipu, M.S.H.; Hannan, M.A.; Hussain, A.; Ayob, A.; Saad, M.H.M.; Muttaqi, K.M. State of Charge Estimation in Lithium-Ion
Batteries: A Neural Network Optimization Approach. Electronics 2020, 9, 1546. [CrossRef]

Afzal, A.; Ramis, M. Multi-objective optimization of thermal performance in battery system using genetic and particle swarm
algorithm combined with fuzzy logics. J. Energy Storage 2020, 32, 101815. [CrossRef]

Park, S.; Ahn, C. Computationally Efficient Stochastic Model Predictive Controller for Battery Thermal Management of Electric
Vehicle. IEEE Trans. Veh. Technol. 2020, 69, 8407-8419. [CrossRef]

Rahman, A.U.; Ahmad, I.; Malik, A.S. Variable structure-based control of fuel cell-supercapacitor-battery based hybrid electric
vehicle. J. Energy Storage 2020, 29, 101365. [CrossRef]

Hussain, S.; Ali, M.U.; Park, G.-S.; Nengroo, S.H.; Khan, M. A ; Kim, H.-]. A Real-Time Bi-Adaptive Controller-Based Energy
Management System for Battery—Supercapacitor Hybrid Electric Vehicles. Energies 2019, 12, 4662. [CrossRef]

Miranda, M.H.; Silva, EL.; Lourengo, M.A.; Eckert, ].J.; Silva, L.C. Electric vehicle powertrain and fuzzy controller optimization
using a planar dynamics simulation based on a real-world driving cycle. Energy 2021, 238, 121979. [CrossRef]

Ahmed, I.; Ahmad, I.; Ahmed, S.; Adil, HM.M. Robust nonlinear control of battery electric vehicle charger in grid to vehicle
applications. |. Energy Storage 2021, 42, 103039. [CrossRef]

Altaf, F; Egardt, B.; Mardh, L.J. Load Management of Modular Battery Using Model Predictive Control: Thermal and State-of-
Charge Balancing. IEEE Trans. Control Syst. Technol. 2016, 25, 47-62. [CrossRef]

Hannan, A.M.; Young, Y.S.; Hoque, M.M.; Ker, PJ.; Uddin, M.N. Lithium Ion Battery Thermal Management System Using
Optimized Fuzzy Controller. In Proceedings of the 2019 IEEE Industry Applications Society Annual Meeting, IAS, Baltimore,
MD, USA, 29 September 2019; pp. 1-9. [CrossRef]

Sanz, ].L.; Ocampo-Martinez, C.; Alvarez-Florez, J.; Eguilaz, M.M.; Ruiz-Mansilla, R.; Kalmus, J.; Graeber, M.; Lux, G. Nonlinear
Model Predictive Control for Thermal Management in Plug-in Hybrid Electric Vehicles. IEEE Trans. Veh. Technol. 2016, 66, 31.
[CrossRef]

Pérez-Pimentel, Y.; Osuna-Galan, I.; Avilés-Cruz, C.; Cortez, ].V. Power Supply Management for an Electric Vehicle Using Fuzzy
Logic. Appl. Comput. Intell. Soft Comput. 2018, 2018, 1-9. [CrossRef]

Essoufi, M.; Hajji, B.; Rabhi, A. Fuzzy Logic based Energy Management Strategy for Fuel Cell Hybrid Electric Vehicle. In
Proceedings of the 2020 International Conference on Electrical and Information Technologies, ICEIT, Rabat, Morocco, 4-7 March
2020; pp. 1-7. [CrossRef]

Sabri, M.EM.; Danapalasingam, K.A.; Rahmat, M.F. Improved Fuel Economy of Through-the-Road Hybrid Electric Vehicle with
Fuzzy Logic-Based Energy Management Strategy. Int. J. Fuzzy Syst. 2018, 20, 2677-2692. [CrossRef]

Gomozov, O.; Trovao, ].PE,; Kestelyn, X.; Dubois, M.R. Adaptive Energy Management System Based on a Real-Time Model
Predictive Control With Nonuniform Sampling Time for Multiple Energy Storage Electric Vehicle. IEEE Trans. Veh. Technol. 2016,
66, 5520-5530. [CrossRef]

Xiang, C.; Ding, F.; Wang, W.; He, W. Energy management of a dual-mode power-split hybrid electric vehicle based on velocity
prediction and nonlinear model predictive control. Appl. Energy 2017, 189, 640-653. [CrossRef]

Pozzi, A.; Torchio, M.; Braatz, R.D.; Raimondo, D.M. Optimal charging of an electric vehicle battery pack: A real-time sensitivity-
based model predictive control approach. J. Power Sources 2020, 461, 228133. [CrossRef]

Lopez-Sanz, ].; Ocampo-Martinez, C.; Alvarez-Florez, J.; Moreno-Eguilaz, M.; Ruiz-Mansilla, R.; Kalmus, J.; Graeber, M.; Lux, G.
Thermal management in plug-in hybrid electric vehicles: A real-time nonlinear model predictive control implementation. IEEE
Trans. Veh. Technol. 2017, 66, 7751-7760. [CrossRef]

McCurlie, L.; Preindl, M.; Emadi, A. Fast Model Predictive Control for Redistributive Lithium-Ion Battery Balancing. IEEE Trans.
Ind. Electron. 2016, 64, 1350-1357. [CrossRef]

Wang, S.; Lu, L.; Han, X.; Ouyang, M.; Feng, X. Virtual-battery based droop control and energy storage system size optimization
of a DC microgrid for electric vehicle fast charging station. Appl. Energy 2019, 259, 114146. [CrossRef]

Li, Q; Yang, H.; Han, Y.; Li, M.; Chen, W. A state machine strategy based on droop control for an energy management system of
PEMFC-battery-supercapacitor hybrid tramway. Int. . Hydrogen Energy 2016, 41, 16148-16159. [CrossRef]

Hannan, M.; Al-Shetwi, A.; Begum, R.; Young, S.; Hoque, M.; Ker, P; Mansur, M.; Alzaareer, K. The value of thermal management
control strategies for battery energy storage in grid decarbonization: Issues and recommendations. J. Clean. Prod. 2020, 276,
124223. [CrossRef]


http://doi.org/10.1016/j.est.2022.104215
http://doi.org/10.1016/j.measurement.2020.107904
http://doi.org/10.1016/j.applthermaleng.2019.114394
http://doi.org/10.1016/j.ijheatmasstransfer.2021.121318
http://doi.org/10.1109/TIV.2022.3161301
http://doi.org/10.3390/electronics9091546
http://doi.org/10.1016/j.est.2020.101815
http://doi.org/10.1109/TVT.2020.2999939
http://doi.org/10.1016/j.est.2020.101365
http://doi.org/10.3390/en12244662
http://doi.org/10.1016/j.energy.2021.121979
http://doi.org/10.1016/j.est.2021.103039
http://doi.org/10.1109/TCST.2016.2547980
http://doi.org/10.1109/ias.2019.8912339
http://doi.org/10.1109/tvt.2016.2597242
http://doi.org/10.1155/2018/2846748
http://doi.org/10.1109/iceit48248.2020.9113162
http://doi.org/10.1007/s40815-018-0521-4
http://doi.org/10.1109/TVT.2016.2638912
http://doi.org/10.1016/j.apenergy.2016.12.056
http://doi.org/10.1016/j.jpowsour.2020.228133
http://doi.org/10.1109/TVT.2017.2678921
http://doi.org/10.1109/TIE.2016.2611488
http://doi.org/10.1016/j.apenergy.2019.114146
http://doi.org/10.1016/j.ijhydene.2016.04.254
http://doi.org/10.1016/j.jclepro.2020.124223

Batteries 2022, 8, 219 56 of 59

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

155.

156.

157.

158.

159.

160.

161.

162.

163.

164.

165.

166.

Zheng, F,; Xing, Y; Jiang, J.; Sun, B.; Kim, J.; Pecht, M. Influence of different open circuit voltage tests on state of charge online
estimation for lithium-ion batteries. Appl. Energy 2016, 183, 513-525. [CrossRef]

Yang, F.; Zhang, S.; Li, W.; Miao, Q. State-of-charge estimation of lithium-ion batteries using LSTM and UKF. Energy 2020, 201,
117664. [CrossRef]

Najafabadi, M.M.; Villanustre, F.; Khoshgoftaar, T.M.; Seliya, N.; Wald, R.; Muharemagic, E. Deep learning applications and
challenges in big data analytics. J. Big Data 2015, 2, 1. [CrossRef]

Kollmeyer, P.; Vidal, C.; Naguib, M.; Skells, M. LG 18650HG2 Li-Ion Battery Data and Example Deep Neural Network XEV SOC
Estimator Script. Mendeley Data 2020, 3. [CrossRef]

Wang, Y.; Liu, C,; Pan, R.; Chen, Z. Experimental data of lithium-ion battery and ultracapacitor under DST and UDDS profiles at
room temperature. Data Brief 2017, 12, 161-163. [CrossRef] [PubMed]

Teimoori, Z.; Yassine, A. A Review on Intelligent Energy Management Systems for Future Electric Vehicle Transportation.
Sustainability 2022, 14, 14100. [CrossRef]

Chaoui, H.; Ibe-Ekeocha, C.C. State of Charge and State of Health Estimation for Lithium Batteries Using Recurrent Neural
Networks. IEEE Trans. Veh. Technol. 2017, 66, 8773—-8783. [CrossRef]

Zhang, R.; Xia, B.; Li, B.; Cao, L.; Lai, Y.; Zheng, W.; Wang, H.; Wang, W. State of the Art of Lithium-Ion Battery SOC Estimation
for Electrical Vehicles. Energies 2018, 11, 1820. [CrossRef]

Solomon, O.0.; Zheng, W.; Chen, J.; Qiao, Z. State of charge estimation of Lithium-ion battery using an improved fractional-order
extended Kalman filter. |. Energy Storage 2022, 49, 104007. [CrossRef]

Singh, K.V,; Bansal, H.O.; Singh, D. Hardware-in-the-loop Implementation of ANFIS based Adaptive SoC Estimation of Lithium-
ion Battery for Hybrid Vehicle Applications. J. Energy Storage 2019, 27, 101124. [CrossRef]

Haldar, S.; Mondal, S.; Mondal, A.; Banerjee, R. Battery Management System Using State of Charge Estimation: An IOT Based
Approach. In Proceedings of the 2020 National Conference on Emerging Trends on Sustainable Technology and Engineering
Applications, NCETSTEA, Durgapur, India, 7-8 February 2020; pp. 1-5. [CrossRef]

Sivaraman, P.; Sharmeela, C. IoT-Based Battery Management System for Hybrid Electric Vehicle. In Artificial Intelligent Techniques
for Electric and Hybrid Electric Vehicles; Scrivener Publishing: Beverly, MA, USA, 2020; pp. 1-16. [CrossRef]

Kim, T.; Makwana, D.; Adhikaree, A.; Vagdoda, ].S.; Lee, Y. Cloud-Based Battery Condition Monitoring and Fault Diagnosis
Platform for Large-Scale Lithium-Ion Battery Energy Storage Systems. Energies 2018, 11, 125. [CrossRef]

Papadis, E.; Tsatsaronis, G. Challenges in the decarbonization of the energy sector. Energy 2020, 205, 118025. [CrossRef]
Hannan, M.A,; Lipu, M.H,; Ker, PJ.; Begum, R.A.; Agelidis, V.G.; Blaabjerg, F. Power electronics contribution to renewable
energy conversion addressing emission reduction: Applications, issues, and recommendations. Appl. Energy 2019, 251, 113404.
[CrossRef]

Jagemann, C.; Fiirsch, M.; Hagspiel, S.; Nagl, S. Decarbonizing Europe’s power sector by 2050—Analyzing the economic
implications of alternative decarbonization pathways. Energy Econ. 2013, 40, 622-636. [CrossRef]

Zhang, R.; Zhang, J.; Long, Y.; Wu, W.; Liu, J.; Jiang, Y. Long-term implications of electric vehicle penetration in urban
decarbonization scenarios: An integrated land use-transport—energy model. Sustain. Cities Soc. 2021, 68, 102800. [CrossRef]
Torabi, R.; Gomes, A.; Morgado-Dias, F. Energy Transition on Islands with the Presence of Electric Vehicles: A Case Study for
Porto Santo. Energies 2021, 14, 3439. [CrossRef]

Dunn, ].B.; Gaines, L.; Sullivan, J.; Wang, M.Q. Impact of Recycling on Cradle-to-Gate Energy Consumption and Greenhouse Gas
Emissions of Automotive Lithium-Ion Batteries. Environ. Sci. Technol. 2012, 46, 12704-12710. [CrossRef] [PubMed]

Amarakoon, S.; Smith, J.; Segal, B. Application of Life-Cycle Assessment to Nanoscale Technology: Lithium-Ion Batteries for Electric
Vehicles; The National Academies of Sciences, Engineering, and Medicine: Washington, DC, USA, 2013.

Notter, D.A.; Gauch, M.; Widmer, R.; Wiger, P; Stamp, A.; Zah, R.; Althaus, H.-J. Contribution of Li-Ion Batteries to the
Environmental Impact of Electric Vehicles. Environ. Sci. Technol. 2010, 44, 6550-6556. [CrossRef]

Yang, S.; Zhang, Z.; Cao, R.; Wang, M.; Cheng, H.; Zhang, L.; Jiang, Y.; Li, Y,; Chen, B.; Ling, H.; et al. Implementation for a cloud
battery management system based on the CHAIN framework. Energy Al 2021, 5, 100088. [CrossRef]

Madhankumar, S.; Dharshini, S.; Vignesh, N.R.; Amrutha, P.; Dhanaselvam, J. Cloud Computing-Based Li-Ion Battery-BMS
Design for Constant DC Load Applications. In Soft Computing for Security Applications; Springer: Singapore, 2022; pp. 299-312.
[CrossRef]

Wang, Y,; Xu, R.; Zhou, C.; Kang, X.; Chen, Z. Digital twin and cloud-side-end collaboration for intelligent battery management
system. J. Manuf. Syst. 2021, 62, 124-134. [CrossRef]

Akbarzadeh, M.; Jaguemont, J.; Kalogiannis, T.; Karimi, D.; He, J.; Jin, L.; Xie, P.; Van Mierlo, J.; Berecibar, M. A novel liquid
cooling plate concept for thermal management of lithium-ion batteries in electric vehicles. Energy Convers. Manag. 2021, 231,
113862. [CrossRef]

Rao, Z.; Wang, S. A review of power battery thermal energy management. Renew. Sustain. Energy Rev. 2011, 15, 4554-4571.
[CrossRef]

Rahimi-Eichi, H.; Ojha, U.; Baronti, F.; Chow, M.-Y. Battery Management System: An Overview of Its Application in the Smart
Grid and Electric Vehicles. IEEE Ind. Electron. Mag. 2013, 7, 4-16. [CrossRef]

Fotouhi, A.; Auger, D.J.; Propp, K.; Longo, S.; Wild, M. A review on electric vehicle battery modelling: From Lithium-ion toward
Lithium—Sulphur. Renew. Sustain. Energy Rev. 2016, 56, 1008-1021. [CrossRef]


http://doi.org/10.1016/j.apenergy.2016.09.010
http://doi.org/10.1016/j.energy.2020.117664
http://doi.org/10.1186/s40537-014-0007-7
http://doi.org/10.17632/CP3473X7XV.3
http://doi.org/10.1016/j.dib.2017.01.019
http://www.ncbi.nlm.nih.gov/pubmed/28459088
http://doi.org/10.3390/su142114100
http://doi.org/10.1109/TVT.2017.2715333
http://doi.org/10.3390/en11071820
http://doi.org/10.1016/j.est.2022.104007
http://doi.org/10.1016/j.est.2019.101124
http://doi.org/10.1109/ncetstea48365.2020.9119945
http://doi.org/10.1002/9781119682035.ch1
http://doi.org/10.3390/en11010125
http://doi.org/10.1016/j.energy.2020.118025
http://doi.org/10.1016/j.apenergy.2019.113404
http://doi.org/10.1016/j.eneco.2013.08.019
http://doi.org/10.1016/j.scs.2021.102800
http://doi.org/10.3390/en14123439
http://doi.org/10.1021/es302420z
http://www.ncbi.nlm.nih.gov/pubmed/23075406
http://doi.org/10.1021/es903729a
http://doi.org/10.1016/j.egyai.2021.100088
http://doi.org/10.1007/978-981-16-5301-8_22
http://doi.org/10.1016/j.jmsy.2021.11.006
http://doi.org/10.1016/j.enconman.2021.113862
http://doi.org/10.1016/j.rser.2011.07.096
http://doi.org/10.1109/MIE.2013.2250351
http://doi.org/10.1016/j.rser.2015.12.009

Batteries 2022, 8, 219 57 of 59

167.

168.

169.

170.

171.

172.

173.

174.

175.

176.

177.
178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.

191.

192.

193.

194.

195.

Berecibar, M.; Gandiaga, I.; Villarreal, I.; Omar, N.; Van Mierlo, J.; van den Bossche, P. Critical review of state of health estimation
methods of Li-ion batteries for real applications. Renew. Sustain. Energy Rev. 2016, 56, 572-587. [CrossRef]

Han, X.; Ouyang, M.; Lu, L.; Li, J. Cycle life of commercial lithium-ion batteries with lithium titanium oxide anodes in electric
vehicles. Energies 2014, 7, 4895-4909. [CrossRef]

Liu, H.; Wei, Z.; He, W.; Zhao, J. Thermal issues about Li-ion batteries and recent progress in battery thermal management
systems: A review. Energy Convers. Manag. 2017, 150, 304-330. [CrossRef]

Fan, L.; Khodadadi, ].; Pesaran, A. A parametric study on thermal management of an air-cooled lithium-ion battery module for
plug-in hybrid electric vehicles. J. Power Sources 2013, 238, 301-312. [CrossRef]

Zhang, Z.; Jiang, L.; Zhang, L.; Huang, C. State-of-charge estimation of lithium-ion battery pack by using an adaptive extended
Kalman filter for electric vehicles. J. Energy Storage 2021, 37, 102457. [CrossRef]

Xing, Y.; Ma, EWM.; Tsui, K.L.; Pecht, M. Battery Management Systems in Electric and Hybrid Vehicles. Energies 2011, 4,
1840-1857. [CrossRef]

Hu, X,; Jiang, J.; Cao, D.; Egardt, B. Battery Health Prognosis for Electric Vehicles Using Sample Entropy and Sparse Bayesian
Predictive Modeling. IEEE Trans. Ind. Electron. 2015, 63, 1. [CrossRef]

Chen, D,; Jiang, J.; Kim, G.-H.; Yang, C.; Pesaran, A. Comparison of different cooling methods for lithium ion battery cells. Appl.
Therm. Eng. 2016, 94, 846-854. [CrossRef]

Farmann, A.; Waag, W.; Marongiu, A.; Sauer, D.U. Critical review of on-board capacity estimation techniques for lithium-ion
batteries in electric and hybrid electric vehicles. ]. Power Sources 2015, 281, 114-130. [CrossRef]

Ji, Y.; Wang, C.Y. Heating strategies for Li-ion batteries operated from subzero temperatures. Electrochimica Acta 2013, 107, 664-674.
[CrossRef]

Karimi, G.; Li, X. Thermal management of lithium-ion batteries for electric vehicles. Int. |. Energy Res. 2012, 37, 13-24. [CrossRef]
Xu, J.; Mi, C.C.; Cao, B.; Deng, J.; Chen, Z.; Li, S. The State of Charge Estimation of Lithium-Ion Batteries Based on a Proportional-
Integral Observer. IEEE Trans. Veh. Technol. 2013, 63, 1614-1621. [CrossRef]

Zhao, J.; Rao, Z.; Li, Y. Thermal performance of mini-channel liquid cooled cylinder based battery thermal management for
cylindrical lithium-ion power battery. Energy Convers. Manag. 2015, 103, 157-165. [CrossRef]

Xiong, R.; Cao, J.; Yu, Q.; He, H.; Sun, E. Critical review on the battery state of charge estimation methods for electric vehicles.
IEEE Access 2017, 6, 1832-1843. [CrossRef]

Arora, S. Selection of thermal management system for modular battery packs of electric vehicles: A review of existing and
emerging technologies. J. Power Sources 2018, 400, 621-640. [CrossRef]

Lipu, M.H.; Hannan, M.; Hussain, A.; Hoque, M.; Ker, PJ.; Saad, M.; Ayob, A. A review of state of health and remaining useful
life estimation methods for lithium-ion battery in electric vehicles: Challenges and recommendations. J. Clean. Prod. 2018, 205,
115-133. [CrossRef]

Tete, PR.; Gupta, M.M.; Joshi, S.S. Developments in battery thermal management systems for electric vehicles: A technical review.
J. Energy Storage 2021, 35, 102255. [CrossRef]

Li, J.; Barillas, ] K.; Guenther, C.; Danzer, M.A. A comparative study of state of charge estimation algorithms for LiFePO, batteries
used in electric vehicles. J. Power Sources 2013, 230, 244-250. [CrossRef]

Chemali, E.; Kollmeyer, PJ.; Preindl, M.; Ahmed, R.; Emadi, A.; Kollmeyer, P. Long Short-Term Memory Networks for Accurate
State-of-Charge Estimation of Li-ion Batteries. IEEE Trans. Ind. Electron. 2018, 65, 6730-6739. [CrossRef]

Wilke, S.; Schweitzer, B.; Khateeb, S.; Al-Hallaj, S. Preventing thermal runaway propagation in lithium ion battery packs using a
phase change composite material: An experimental study. J. Power Sources 2017, 340, 51-59. [CrossRef]

Zhang, T.; Guo, N.; Sun, X,; Fan, J.; Yang, N.; Song, J.; Zou, Y. A systematic framework for state of charge, state of health and state
of power co-estimation of lithium-ion battery in electric vehicles. Sustainability 2021, 13, 5166. [CrossRef]

Moura, S.J.; Stein, J.L.; Fathy, H.K. Battery-Health Conscious Power Management in Plug-In Hybrid Electric Vehicles via
Electrochemical Modeling and Stochastic Control. IEEE Trans. Control Syst. Technol. 2012, 21, 679-694. [CrossRef]

Wu, W.,; Wang, S.; Wu, W.; Chen, K; Hong, S.; Lai, Y. A critical review of battery thermal performance and liquid based battery
thermal management. Energy Convers. Manag. 2019, 182, 262-281. [CrossRef]

Chemali, E.; Kollmeyer, PJ.; Preindl, M.; Emadi, A. State-of-charge estimation of Li-ion batteries using deep neural networks: A
machine learning approach. J. Power Sources 2018, 400, 242-255. [CrossRef]

Zhao, R.; Zhang, S.; Liu, J.; Gu, J. A review of thermal performance improving methods of lithium ion battery: Electrode
modification and thermal management system. J. Power Sources 2015, 299, 557-577. [CrossRef]

Greco, A.; Cao, D.; Jiang, X.; Yang, H. A theoretical and computational study of lithium-ion battery thermal management for
electric vehicles using heat pipes. J. Power Sources 2014, 257, 344-355. [CrossRef]

How, D.N.; Hannan, M.A; Lipu, M.S,; Sahari, K.S.; Ker, PJ.; Muttaqi, K.M. State-of-charge estimation of li-ion battery in electric
vehicles: A deep neural network approach. IEEE Trans. Ind. Appl. 2020, 56, 5565-5574. [CrossRef]

Khaleghi, S.; Hosen, M.S.; Karimi, D.; Behi, H.; Beheshti, S.H.; Van Mierlo, J.; Berecibar, M. Developing an online data-driven
approach for prognostics and health management of lithium-ion batteries. Appl. Energy 2022, 308, 118348. [CrossRef]

Bruen, T.; Marco, ]. Modelling and experimental evaluation of parallel connected lithium ion cells for an electric vehicle battery
system. J. Power Sources 2016, 310, 91-101. [CrossRef]


http://doi.org/10.1016/j.rser.2015.11.042
http://doi.org/10.3390/en7084895
http://doi.org/10.1016/j.enconman.2017.08.016
http://doi.org/10.1016/j.jpowsour.2013.03.050
http://doi.org/10.1016/j.est.2021.102457
http://doi.org/10.3390/en4111840
http://doi.org/10.1109/TIE.2015.2461523
http://doi.org/10.1016/j.applthermaleng.2015.10.015
http://doi.org/10.1016/j.jpowsour.2015.01.129
http://doi.org/10.1016/j.electacta.2013.03.147
http://doi.org/10.1002/er.1956
http://doi.org/10.1109/tvt.2013.2287375
http://doi.org/10.1016/j.enconman.2015.06.056
http://doi.org/10.1109/ACCESS.2017.2780258
http://doi.org/10.1016/j.jpowsour.2018.08.020
http://doi.org/10.1016/j.jclepro.2018.09.065
http://doi.org/10.1016/j.est.2021.102255
http://doi.org/10.1016/j.jpowsour.2012.12.057
http://doi.org/10.1109/tie.2017.2787586
http://doi.org/10.1016/j.jpowsour.2016.11.018
http://doi.org/10.3390/su13095166
http://doi.org/10.1109/TCST.2012.2189773
http://doi.org/10.1016/j.enconman.2018.12.051
http://doi.org/10.1016/j.jpowsour.2018.06.104
http://doi.org/10.1016/j.jpowsour.2015.09.001
http://doi.org/10.1016/j.jpowsour.2014.02.004
http://doi.org/10.1109/TIA.2020.3004294
http://doi.org/10.1016/j.apenergy.2021.118348
http://doi.org/10.1016/j.jpowsour.2016.01.001

Batteries 2022, 8, 219 58 of 59

196.

197.

198.

199.

200.

201.

202.

203.

204.

205.

206.

207.

208.

209.

210.

211.

212.

213.

214.

215.

216.

217.

218.

219.

220.

221.

222.

223.

Tian, Y.; Xia, B.; Sun, W.; Xu, Z.; Zheng, W. A modified model based state of charge estimation of power lithium-ion batteries
using unscented Kalman filter. J. Power Sources 2014, 270, 619-626. [CrossRef]

Cordoba-Arenas, A.; Onori, S.; Guezennec, Y.; Rizzoni, G. Capacity and power fade cycle-life model for plug-in hybrid electric
vehicle lithium-ion battery cells containing blended spinel and layered-oxide positive electrodes. |. Power Sources 2015, 278,
473-483. [CrossRef]

Zhao, J.; Rao, Z.; Huo, Y;; Liu, X; Li, Y. Thermal management of cylindrical power battery module for extending the life of new
energy electric vehicles. Appl. Therm. Eng. 2015, 85, 33—43. [CrossRef]

Tran, T.-H.; Harmand, S.; Desmet, B.; Filangi, S. Experimental investigation on the feasibility of heat pipe cooling for HEV/EV
lithium-ion battery. Appl. Therm. Eng. 2014, 63, 551-558. [CrossRef]

Wang, J.; Xiong, R.; Li, L.; Fang, Y. A comparative analysis and validation for double-filters-based state of charge estimators using
battery-in-the-loop approach. Appl. Energy 2018, 229, 648-659. [CrossRef]

Chacko, S.; Chung, Y.M. Thermal modelling of Li-ion polymer battery for electric vehicle drive cycles. J. Power Sources 2012, 213,
296-303. [CrossRef]

Ianniciello, L.; Biwolé, PH.; Achard, P. Electric vehicles batteries thermal management systems employing phase change materials.
J. Power Sources 2018, 378, 383-403. [CrossRef]

Huang, W.; Abu Qahoug, J.A. An Online Battery Impedance Measurement Method Using DC-DC Power Converter Control.
IEEE Trans. Ind. Electron. 2014, 61, 5987-5995. [CrossRef]

Perez, HE.; Hu, X,; Dey, S.; Moura, S.J. Optimal Charging of Li-Ion Batteries with Coupled Electro-Thermal-Aging Dynamics.
IEEE Trans. Veh. Technol. 2017, 66, 7761-7770. [CrossRef]

Wang, D.; Yang, F,; Tsui, K.-L.; Zhou, Q.; Bae, S.J. Remaining Useful Life Prediction of Lithium-Ion Batteries Based on Spherical
Cubature Particle Filter. IEEE Trans. Instrum. Meas. 2016, 65, 1282-1291. [CrossRef]

Klein, R.; Chaturvedi, N.A.; Christensen, J.; Ahmed, J.; Findeisen, R.; Kojic, A. Optimal charging strategies in lithium-ion battery.
In Proceedings of the 2011 American Control Conference, San Francisco, CA, USA, 29 June-1 July 2011; pp. 382-387.

Biswas, A.; Emadi, A. Energy management systems for electrified powertrains: State-of-the-art review and future trends. IEEE
Trans. Veh. Technol. 2019, 68, 6453-6467. [CrossRef]

Panwar, N.G.; Singh, S.; Garg, A.; Gupta, A K.; Gao, L. Recent Advancements in Battery Management System for Li-Ion Batteries
of Electric Vehicles: Future Role of Digital Twin, Cyber-Physical Systems, Battery Swapping Technology, and Nondestructive
Testing. Energy Technol. 2021, 9, 2000984. [CrossRef]

Lan, C,; Xu, J.; Qiao, Y.; Ma, Y. Thermal management for high power lithium-ion battery by minichannel aluminum tubes. Appl.
Therm. Eng. 2016, 101, 284-292. [CrossRef]

Mohammadian, S.K.; Zhang, Y. Thermal management optimization of an air-cooled Li-ion battery module using pin-fin heat
sinks for hybrid electric vehicles. J. Power Sources 2015, 273, 431-439. [CrossRef]

Dao, T.-S.; Vyasarayani, C.P.,; McPhee, J. Simplification and order reduction of lithium-ion battery model based on porous-electrode
theory. J. Power Sources 2012, 198, 329-337. [CrossRef]

Budde-Meiwes, H.; Drillkens, J.; Lunz, B.; Muennix, J.; Rothgang, S.; Kowal, J.; Sauer, D.U. A review of current automotive battery
technology and future prospects. Proc. Inst. Mech. Eng. Part D |. Automob. Eng. 2013, 227, 761-776. [CrossRef]

Yang, X.-H.; Tan, S.-C.; Liu, J. Thermal management of Li-ion battery with liquid metal. Energy Convers. Manag. 2016, 117, 577-585.
[CrossRef]

Omar, N.; Daowd, M.; Bossche, P.V.D.; Hegazy, O.; Smekens, J.; Coosemans, T.; van Mierlo, J. Rechargeable Energy Storage
Systems for Plug-in Hybrid Electric Vehicles—Assessment of Electrical Characteristics. Energies 2012, 5, 2952-2988. [CrossRef]
Zhang, J.; Ge, H.; Li, Z.; Ding, Z. Internal heating of lithium-ion batteries using alternating current based on the heat generation
model in frequency domain. J. Power Sources 2015, 273, 1030-1037. [CrossRef]

Putra, N.; Ariantara, B.; Pamungkas, R.A. Experimental investigation on performance of lithium-ion battery thermal management
system using flat plate loop heat pipe for electric vehicle application. Appl. Therm. Eng. 2016, 99, 784-789. [CrossRef]

Hoke, A.; Brissette, A.; Smith, K.; Pratt, A.; Maksimovic, D. Accounting for Lithium-Ion Battery Degradation in Electric Vehicle
Charging Optimization. IEEE |. Emerg. Sel. Top. Power Electron. 2014, 2, 691-700. [CrossRef]

Hentunen, A.; Lehmuspelto, T.; Suomela, J. Time-Domain Parameter Extraction Method for Thévenin-Equivalent Circuit Battery
Models. IEEE Trans. Energy Convers. 2014, 29, 558-566. [CrossRef]

Shrivastava, P.; Soon, T.K.; Idris, M.Y.; Mekhilef, S. Overview of model-based online state-of-charge estimation using Kalman
filter family for lithium-ion batteries. Renew. Sustain. Energy Rev. 2019, 113, 109233. [CrossRef]

Wang, D.; Coignard, J.; Zeng, T.; Zhang, C.; Saxena, S. Quantifying electric vehicle battery degradation from driving vs.
vehicle-to-grid services. J. Power Sources 2016, 332, 193-203. [CrossRef]

Meng, J.; Ricco, M.; Luo, G.; Swierczynski, M.; Stroe, D.-L; Stroe, A.-I.; Teodorescu, R. An Overview and Comparison of Online
Implementable SOC Estimation Methods for Lithium-Ion Battery. IEEE Trans. Ind. Appl. 2017, 54, 1583-1591. [CrossRef]

Li, X.; Wang, Z.; Zhang, L.; Zou, C.; Dorrell, D.D. State-of-health estimation for Li-ion batteries by combing the incremental
capacity analysis method with grey relational analysis. J. Power Sources 2018, 410—411, 106-114. [CrossRef]

Deng, Y.; Feng, C.; Jiaqiang, E.; Zhu, H.; Chen, J.; Wen, M.; Yin, H. Effects of different coolants and cooling strategies on the
cooling performance of the power lithium ion battery system: A review. Appl. Therm. Eng. 2018, 142, 10-29. [CrossRef]


http://doi.org/10.1016/j.jpowsour.2014.07.143
http://doi.org/10.1016/j.jpowsour.2014.12.047
http://doi.org/10.1016/j.applthermaleng.2015.04.012
http://doi.org/10.1016/j.applthermaleng.2013.11.048
http://doi.org/10.1016/j.apenergy.2018.08.022
http://doi.org/10.1016/j.jpowsour.2012.04.015
http://doi.org/10.1016/j.jpowsour.2017.12.071
http://doi.org/10.1109/TIE.2014.2311389
http://doi.org/10.1109/tvt.2017.2676044
http://doi.org/10.1109/TIM.2016.2534258
http://doi.org/10.1109/TVT.2019.2914457
http://doi.org/10.1002/ente.202000984
http://doi.org/10.1016/j.applthermaleng.2016.02.070
http://doi.org/10.1016/j.jpowsour.2014.09.110
http://doi.org/10.1016/j.jpowsour.2011.09.034
http://doi.org/10.1177/0954407013485567
http://doi.org/10.1016/j.enconman.2016.03.054
http://doi.org/10.3390/en5082952
http://doi.org/10.1016/j.jpowsour.2014.09.181
http://doi.org/10.1016/j.applthermaleng.2016.01.123
http://doi.org/10.1109/JESTPE.2014.2315961
http://doi.org/10.1109/TEC.2014.2318205
http://doi.org/10.1016/j.rser.2019.06.040
http://doi.org/10.1016/j.jpowsour.2016.09.116
http://doi.org/10.1109/TIA.2017.2775179
http://doi.org/10.1016/j.jpowsour.2017.11.049
http://doi.org/10.1016/j.applthermaleng.2018.06.043

Batteries 2022, 8, 219 59 of 59

224.

225.

226.

227.

228.

229.

230.

231.

232.

233.

234.

235.

236.

237.

238.

239.

240.

241.

242.

Brandl, M.; Gall, H.; Wenger, M.; Lorentz, V.; Giegerich, M.; Baronti, F.; Fantechi, G.; Fanucci, L.; Roncella, R.; Saletti, R.; et al.
Batteries and battery management systems for electric vehicles. In Proceedings of the 2012 Design, Automation and Test in
Europe Conference & Exhibition (DATE), Dresden, Germany, 12-16 March 2012; pp. 1-6.

Keyser, M.; Pesaran, A.; Li, Q.; Santhanagopalan, S.; Smith, K.; Wood, E.; Ahmed, S.; Bloom, I.; Dufek, E.; Shirk, M.; et al. Enabling
fast charging—Battery thermal considerations. J. Power Sources 2017, 367, 228-236. [CrossRef]

Saw, L.H.; Somasundaram, K.; Ye, Y.; Tay, A.A.O. Electro-thermal analysis of Lithium Iron Phosphate battery for electric vehicles.
J. Power Sources 2014, 249, 231-238. [CrossRef]

Wood, E.; Alexander, M.; Bradley, T.H. Investigation of battery end-of-life conditions for plug-in hybrid electric vehicles. ]. Power
Sources 2011, 196, 5147-5154. [CrossRef]

Xiong, R.; Sun, E; He, H.; Nguyen, T.D. A data-driven adaptive state of charge and power capability joint estimator of lithium-ion
polymer battery used in electric vehicles. Energy 2013, 63, 295-308. [CrossRef]

Dong, G.; Han, W.,; Wang, Y. Dynamic Bayesian Network-Based Lithium-Ion Battery Health Prognosis for Electric Vehicles. IEEE
Trans. Ind. Electron. 2020, 68, 10949-10958. [CrossRef]

Wasterlain, S.; Candusso, D.; Harel, F; Hissel, D.; Frangois, X. Development of new test instruments and protocols for the
diagnostic of fuel cell stacks. J. Power Sources 2011, 196, 5325-5333. [CrossRef]

Xu, J.; Lan, C; Qiao, Y.; Ma, Y. Prevent thermal runaway of lithium-ion batteries with minichannel cooling. Appl. Therm. Eng.
2017, 110, 883-890. [CrossRef]

Chen, X.; Shen, W.; Dai, M.; Cao, Z.; Jin, J.; Kapoor, A. Robust Adaptive Sliding-Mode Observer Using RBF Neural Network for
Lithium-Ion Battery State of Charge Estimation in Electric Vehicles. IEEE Trans. Veh. Technol. 2015, 65, 1936-1947. [CrossRef]
Song, Z.; Yang, X.G.; Yang, N.; Delgado, FP.; Hofmann, H.; Sun, J. A study of cell-to-cell variation of capacity in parallel-connected
lithium-ion battery cells. ETransportation 2021, 7, 100091. [CrossRef]

Liu, K.; Zou, C,; Li, K.; Wik, T. Charging Pattern Optimization for Lithium-Ion Batteries With an Electrothermal-Aging Model.
IEEE Trans. Ind. Inform. 2018, 14, 5463-5474. [CrossRef]

Hussein, A.A. Adaptive artificial neural network-based models for instantaneous power estimation enhancement in electric
vehicles’ Li-ion batteries. IEEE Trans. Ind. Electron. 2018, 55, 840-849. [CrossRef]

Alaoui, C. Solid-State Thermal Management for Lithium-Ion EV Batteries. IEEE Trans. Veh. Technol. 2012, 62, 98-107. [CrossRef]
Han, X.; Ouyang, M.; Lu, L.; Li, J. Simplification of physics-based electrochemical model for lithium ion battery on electric
vehicle. Part II: Pseudo-two-dimensional model simplification and state of charge estimation. J. Power Sources 2015, 278, 814-825.
[CrossRef]

Chen, W.; Chen, W.-T.; Saif, M.; Li, M.-F.; Wu, H. Simultaneous Fault Isolation and Estimation of Lithium-Ion Batteries via
Synthesized Design of Luenberger and Learning Observers. IEEE Trans. Control Syst. Technol. 2013, 22, 290-298. [CrossRef]

Li, D.; Zhang, Z.; Liu, P.; Wang, Z.; Zhang, L. Battery Fault Diagnosis for Electric Vehicles Based on Voltage Abnormality by
Combining the Long Short-Term Memory Neural Network and the Equivalent Circuit Model. IEEE Trans. Power Electron. 2020,
36, 1303-1315. [CrossRef]

Onori, S.; Spagnol, P.; Marano, V.; Guezennec, Y.; Rizzoni, G. A new life estimation method for lithium-ion batteries in plug-in
hybrid electric vehicles applications. Int. J. Power Electron. 2012, 4, 302. [CrossRef]

Zhang, X.; Lu, Z.; Lu, M. Vehicle Speed Optimized Fuzzy Energy Management for Hybrid Energy Storage System in Electric
Vehicles. Complexity 2020, 2020, 1-12. [CrossRef]

Farmann, A.; Sauer, D.U. A comprehensive review of on-board State-of-Available-Power prediction techniques for lithium-ion
batteries in electric vehicles. . Power Sources 2016, 329, 123-137. [CrossRef]


http://doi.org/10.1016/j.jpowsour.2017.07.009
http://doi.org/10.1016/j.jpowsour.2013.10.052
http://doi.org/10.1016/j.jpowsour.2011.02.025
http://doi.org/10.1016/j.energy.2013.10.027
http://doi.org/10.1109/TIE.2020.3034855
http://doi.org/10.1016/j.jpowsour.2010.08.029
http://doi.org/10.1016/j.applthermaleng.2016.08.151
http://doi.org/10.1109/TVT.2015.2427659
http://doi.org/10.1016/j.etran.2020.100091
http://doi.org/10.1109/TII.2018.2866493
http://doi.org/10.1109/TIA.2018.2866102
http://doi.org/10.1109/TVT.2012.2214246
http://doi.org/10.1016/j.jpowsour.2014.08.089
http://doi.org/10.1109/TCST.2013.2239296
http://doi.org/10.1109/TPEL.2020.3008194
http://doi.org/10.1504/IJPELEC.2012.046609
http://doi.org/10.1155/2020/2073901
http://doi.org/10.1016/j.jpowsour.2016.08.031

	Introduction 
	Surveying Methods for Analytical Evaluation 
	Process of Data Selection 
	Research Trends 
	Data Extraction 
	Research Characteristics 

	Analytical Evaluation and Critical Discussion 
	Citation Analysis of the 110 Highly Influential Articles 
	Distribution of 110 Highly Cited Articles between 2011 and 2020 
	Analytical Analysis of Co-Occurrence Keywords 
	Research Categories in 110 Highly Cited Manuscripts 
	Publisher and Highly Impactful Journals Assessment 
	Country Analysis and Networking in 110 Most Cited Articles 
	Most Prominent Authors and Collaborations 

	Technical Evaluation of BEMS in EVs 
	Key Components and Functionalities of BMS 
	Battery Thermal Management 
	State of Charge 
	Energy Management Strategies 
	Battery Materials and Technology 
	Battery Modeling 
	Fault Diagnosis and Protection 
	Remaining Useful Life 
	Vehicle Performance Assessment 
	Energy Utilization and Efficiency 
	Aging and Battery Degradation 
	Battery Equalization/Charge Control 
	Validation under Different Operating Conditions 

	State-of-the-Art Algorithms, Optimizations, and Controllers Applied in BMS Technology in EVs 
	Algorithms and Methods in BMS 
	Optimization Approaches in BMS for EV Applications 
	Controllers Schemes in BMS for EV Applications 


	Open Issues and Challenges of BMS Technology in EV Applications 
	Algorithms/Method Issues 
	Optimization Integration Issues 
	Controller Execution Issues 
	Appropriate Configuration and Hyperparametric Adjustment 
	Charging Imbalance Issues in Lithium–Ion Battery Packs 
	Data Abundance, Variety, and Integrity 
	Battery Energy Storage Material Issues 
	Prototype Design and Real-Time Validation 
	IoT integration and Cloud Computing Technology 
	EV Regulations, Policies, and Decarbonization Target 
	Environmental Concerns and Recycling Process 

	Conclusions and Emerging Future Directions 
	Appendix A
	References

