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Abstract: The primary focus in electrifying the transportation sector should be sustainability. This can
be effectively attained through the application of the seven eco-efficiency principles, which constitute
the global standard for assessing the sustainability of products. Consequently, this framework should
guide the development of current electric vehicle designs. The first section of the present article
assesses the alignment of the automotive industry with these sustainability requirements. Results
show that even though the electric vehicle promotes the use of cleaner energy resources, it falls short
of adhering to the remaining principles. The implementation of advanced models in battery man-
agement systems holds great potential to enhance lithium-ion battery systems’ overall performance,
increasing the durability of the batteries and their intensity of use. While many studies focus on
improving current electric equivalent models, this research delves into the potential applicability of
Reduced-Order Model techniques for physics-based models within a battery management systems
context to determine the different health, charge, or other estimations. This study sets the baseline
for further investigations aimed at enhancing the reduced-order physics-based modeling field. A
research line should be aimed at developing advanced and improved cell-state indicators, with
enhanced physical insight, for various lithium-ion battery applications.

Keywords: lithium-ion batteries; sustainability; physics-based models

1. Introduction

After several tries to compete against the Internal Combustion Engine Vehicle (ICEV),
in which the electric vehicle (EV) has been always surpassed by the ICEV due to its
better performance in many fields and competitive price, the EV has finally entered the
automotive sector and it seems that, this time, the outlook is better than ever for it to stay,
as it is expected that the EV will cope with the market conditions in the near future [1,2].

These good prospects for the EV are caused mainly by two factors: First, the possibility
of using the lithium-ion battery (LIB) as an energy storage system (inexistent in the previous
rises of EVs) gave the EV the minimum acceptable performance to functionally face ICEV (as
now EVs reach up to 400 km/h and face no power drawbacks, among other characteristics).
And second, the brutal (and necessary) environmental campaign that aims to eliminate
ICEVs from our roads. The main reason for this institutional fight against the ICEV is the
Global Warming Potential (GWP), as transportation has been identified to be the second
major contributor to (Greenhouse Gas (GHG)) emissions, with 24% of the worldwide total
amount, with 45% of them caused by road transportation [3]. Thus, even though lithium
batteries are still very expensive and represent almost half of the price of an EV [4], the
environmental context is pushing hard towards the electrification of the mobility sector [5].

However, there is still the need for advancements in LIB technology to make it even
more competitive in terms of performance and to reduce its environmental impact. Fur-
thermore, with sustainability being the main driver for the change towards electrification,
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Original Equipment Manufacturer (OEM) companies should adopt a coherent pathway
to overcome the common concerns about the EV, such as range anxiety or slow charging,
among others, with the primary focus on reducing the environmental footprint.

Thus, to uphold green practices, it is crucial to minimize the amount of environmen-
tally hazardous materials in the electrochemical structure of the LIB and reduce GHG
emissions from manufacturing processes and charging energy sources [6]. Additionally,
extending cell usage is equally essential. An increase in the intensity of use should help
reduce product waste and enhance the overall sustainability of battery technologies. By
defining secondary uses throughout the LIB lifetime and rethinking the End-of-Life (EoL)
limits, the environmental impact might be potentially reduced, promoting a more com-
pelling and sustainable approach to extending battery usage [7]. Targeting EV daily use
cases, vehicle sharing, or Vehicle-To-Grid (V2G) applications can significantly help to do
so [8,9]. Nevertheless, extending cell usage should go hand in hand with an improvement
in the battery management system (BMS) technology, as this improvement will result in
a capability increase when the BMS handles LIB products. The better and more accurate
the BMS is, the higher the performance of the battery cells will be [10]. These advance-
ments in the BMS field will enable users, OEMs, and battery pack control systems to make
better-informed decisions throughout the life cycles of LIBs.

This progress can be mainly achieved through the development of advanced models
that provide more accurate State-of-Charge (SoC), State-of-Health (SoH), State-of-Energy
(SoE), State-of-Power (SoP), and State-of-Functionality (SoF) estimations. Furthermore,
better estimations also optimize Remaining-Useful-Life (RUL) algorithms and improve the
definition of the EoL. The precision of these estimations, grouped in the so-called State-of-X
(SoX) category, plays a direct role in sustainability by not only extending cell usage but also
potentially prolonging the overall LIB lifespan [11]. Nowadays, Equivalent Circuit Models
(ECMs) are used to estimate battery status in real time. However, the lack of physical
insight in these models restricts the precision of SoX estimates and their ability to accurately
adapt to the stochastic electrochemical processes that govern LIBs in real life [10].

To overcome predictability inaccuracies in ECMs, research is following three inter-
twined factors: In the first place, the literature presents how an increase in the utilization of
monitoring equipment and filtering techniques can improve the accuracy of these simpler
models [12,13]. Secondly, there is the use of data-driven approaches together with Machine
Learning (ML) techniques, which have huge computational requirements in terms of stor-
age and processing time [14] and make these models unmanageable, at least for the current
generation of BMSs. Finally, another potential solution is the implementation of physics-
based models in BMSs. These models are fundamentally based on the electrochemistry
principles, transport phenomena, and thermodynamics that govern LIB behavior [15].

Physics-based models, and particularly the set of models referred to as Pseudo-Two
Dimensional (P2D) that characterize the LIB’s macroscale internal structure, are becoming
increasingly popular. The first P2D model, the Doyle–Fuller–Newman (DFN) model, was
proposed by Doyle et al. [16] in the early 90s. Later, despite their high computational
requirements, P2D models were proven to be capable of capturing real LIBs’ behavior
to represent their complex degradation mechanisms [17,18]. Furthermore, many authors
contributed in the following years to the improvement of these models, aiming to enhance
the trade-off between the accuracy of the models and the computing resources needed
to run them, bringing these models closer to being useful for real applications. These
advancements were mainly achieved by proposing new ways of reducing the model order
through asymptotic derivations of the P2D model [19], and the dimension of the relevant
state–space system [20]. In this line, other studies have delved deeper into the field of
P2D real-time applications, proposing even further order reductions, to enable P2D-related
physical insight into BMS observers and controllers [21].

In summary, seeing how LIB systems have grown in capacity and complexity [2,5], this
manuscript discusses the inconsistencies regarding the market trends and the solutions that
OEMs are utilizing for EVs to promote their selling, which contrast with the principles of



Electronics 2024, 13, 860 3 of 27

sustainability. Seeing that the market is not aligned, it is necessary to seek tools that allow
promoting sustainability without compromising business goals. In this sense, improving
product life through the enhancement of BMS modeling software capabilities has been
identified as a good option. Therefore, this study proposes the applicability of a P2D–
Reduced-Order Model (ROM) in BMSs, as the resulting SoX improved accuracy has the
potential to enhance sustainability. The article proposes a formulation to calculate the
SoC, SoH, and SoF from the P2D perspective. To assess the feasibility of SoX functions,
a representative EV use case is simulated in the Python Battery Mathematical Modelling
(PyBaMM) platform. This simulation aims to evaluate the feasibility of the P2D-ROM
calculating the SoX. Comparing the simulation results with the expected values, the latter
sections of the article discuss the benefits, drawbacks, and prospects of the proposed model
formulation. This analysis also highlights the future challenges in this emerging field and
underscores the importance of increasing the research on it.

2. Methodology

As seen in the introduction, the possible methods to reduce the environmental impact
of EVs can be enacted through hardware and software improvements.

The methodology followed in the first part of the analysis is relatively simple and
follows the logical step-by-step process defined on the left side of Figure 1. To perform this
analysis, the first exercise is to define the principal concepts of sustainability, which are
taken from the bibliography.
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Then, this manuscript analyzes the main drawbacks or problems that the literature
has identified for the EV in comparison to the ICEV, asking these 2 questions:

• What are the implications of the problems?
• What are the solutions OEMs are implementing to overcome them?

The solutions proposed by the market are then contrasted with the sustainability
principles previously defined to identify their limitations. This comparison aims to deter-
mine whether the solutions are effectively contributing to the pursuit of more sustainable
mobility and to address the possible reductions in the environmental impact.

Following a similar perspective, the second part of this article analyzes how P2D
model implementation in BMSs can contribute to lowering the environmental impact of
the EV through the improvement of SoX estimations’ accuracy, as defined in the right side
of Figure 1.
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In this methodology section, only the general process is presented to facilitate the
overall comprehension of the manuscript. The specific and more technical developments
are described in detail in the posterior sections.

Because of this analysis, it has been observed that it is necessary to enhance the
improvement of models of the LIB to extract its maximum performance. Subsequently,
this article focuses on showcasing the model’s potential through the simulation of P2D
capabilities (the simulation depicted in Figure 1). To do so, a hypothetical EV context
scenario is considered in which these models are implemented with a BMS.

To ensure that the assessment aligns with the selected application, the model is built
upon the electrochemical parameter dataset from Chen et al. [17]. This parameterization is
representative of a cylindrical 21700 LGM50-T (NMC-911/5Ah), a cell model that is used
in multiple EV batteries [17].

In the literature, this cell parameterization has been used to develop P2D degradation
models, such as the mechanical degradation model developed by Ai et al. [22]. This degra-
dation model was extended by O’Kane et al. [23], who introduced additional degradation
mechanisms. This is the baseline used to build the model described in the present article.
Both the parameterization and model are available in PyBaMM, an open-source battery
simulation package written in the Python language [24].

However, bearing in mind that the goal of the P2D sustainability assessment is to
create a model that is feasible in a hypothetical BMS application, the DFN model proposed
by O’Kane et al. [23] should be reduced to a simpler DFN-ROM conceptualization.

To do so, the model used was built using a Single Particle Model (SPM) approach,
since the SPM can reach (with less accuracy) execution times much faster than the DFN
model. Additionally, on behalf of simplification, the model developed focuses on capturing
the most significant degradation mechanisms for EV use (such as Solid–Electrolyte Interface
(SEI) growth, Loss of Active Materials (LAM), and Loss of Lithium-Ion Inventory (LLI)) and,
following the indications from Edge et al. [25], the model utilized excludes the consideration
of lithium-plating and particle-cracking effects.

Then, an accelerated fast-degradation profile (defined in Section 4.3) is used to fine-
tune the parameters. Both model specifications and parameter modifications can be con-
sulted for more detail in Appendix A.

The procedure is used to generate a standard degradation profile that serves as a refer-
ence to adjust parameters. It determines how the model behaves in standard degradation
conditions, outside the EV application.

This information is further leveraged to provide reference values to conduct a com-
parison between direct methods for calculating the SoX and P2D-ROM in the hypothetical
EV-BMS scenario implementation. Section 4.3 explains in detail how capacity and internal
resistance are tracked to calculate the true SoC and SoH over a simulated EV scenario.

The procedure for determining the SoX using the P2D concept, from an SPM stoi-
chiometric point of view, is further explained in Section 4.1. Section 4.4 indicates how to
implement the proposed SPM formulation in an SoX assessment simulation.

Lastly, to establish the specifications for assessing the EV scenario, this study uses
a driving-cycle profile that can effectively capture the average behavior of drivers [26]
through synthetic driving-cycle profiles.

Considering real-life applications, LIBs will hardly ever reach fully discharged states
(the SoC at the end of a driving cycle typically falls between 85 and 60%) [26]; therefore, the
SPM only has access to the information generated in the full-charge state and the conducted
drive-cycle profile.

To evaluate the feasibility of an SPM formulation calculating the SoX, a validation
cycle is done after each driving cycle. This validation cycle corresponds to a full discharge
and charge, which allows us to capture the reference capacity values. Then, results from
both driving and validation of 1000 cycles are compared. Further details on this comparison
process are accessible in Section 5.
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In summary, this paper is structured with Section 3 offering a critical evaluation of EV
sustainability, contrasting environmental aspects with market priorities and emphasizing
advancements in BMS modeling software for alignment with sustainability goals. Section 4
analyzes the capabilities and formulation of P2D-ROM in BMS applications, comparing
them with current technologies. Section 5 evaluates the feasibility of these models, using
an SPM with implemented degradation mechanisms, to predict the SoX throughout a
simulated EV battery life. Finally, Section 6 presents the conclusions.

3. Sustainability Principles and EVs

To properly analyze the EV as a sustainable alternative for mobility, it is necessary
to identify the principles of sustainability. There are multiple steps and options to work
towards sustainability, but it is agreed that environmental paths should follow the seven
principles of eco-efficiency [27] that were stated more than 20 years ago, and which are
here presented with examples from the automotive industry:

1. Reduce the intensity of material requirements for goods and services, meaning fewer
materials are needed for producing similar things. The transportation sector has
always promoted a reduction in the weight of vehicles. A good example is the
introduction of better quality but thinner metal parts in structural assemblies [28];

2. Reduce the energy intensity required for products and services, meaning less energy is
needed to make the previous things work. The mobility sector has been continuously
increasing the efficiency of engines. However, the progress has hit a plateau, as the
constraints of thermodynamics prevent significant further advancements. This has
prompted exploration into alternative solutions like implementing features such as
”start–stop” and introducing hybrid vehicles [29,30];

3. Reduce the dispersion of any toxic material. In this sense, policymakers and OEMs
have been working together to reduce the dispersion of any hazardous or toxic
material used in vehicles. A good example is the recycling of lead–acid batteries,
which has had its own ecosystem for years. Furthermore, new regulations indicate that
the OEM is responsible for recovering batteries and setting the minimum recycling
values for some of their materials, which begin at 16% for cobalt, 85% for lead, 6% for
lithium, and 6% for nickel [31];

4. Improve recycling of materials, meaning that new alternatives should have better
recycling streams than the previous ones. Following European Union (EU) directives,
the recyclability of vehicles should be around 85% of their weight, which is quite a lot
considering that the average weight of private vehicles is around 1300 kg [32];

5. Maximize the use of sustainable and renewable resources, meaning that, even though
the focus should be put on reducing the use of energy, there will always be a minimum
use of energy. In those cases, this energy should come from renewable sources. In this
regard, until the entrance of EVs, ICEVs did not have much space for improvement,
although some almost successful attempts were made using bio-fuels or the later-
researched mixing of hydrogen with fossil fuels. With the entrance of EVs, things
might positively change in this direction [33];

6. Enhance the durability of products. In this sense, although the duration of warranties
for vehicles has increased from 2 to 5 years in most cases, the lifespan of ICEVs has
been more or less stable over the years, with an average lifespan of between 12 and
18 years, depending on the country [34];

7. Increase the intensity of the availability of services, meaning that people have some
needs that do not necessarily have to be covered by products owned by those people
themselves, but in most cases, the needs can be addressed by services. In the mobility
sector, public transportation is a good example of this, in which one single product
serves multiple persons during the day, and it is largely used in a contrasting manner
to private mobility, in which vehicles spend most of the day unused. Another example
is car sharing, through services similar to “rent-a-car” [8].
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All these aforementioned principles were implemented and largely analyzed for the
automotive industry in the review by Mayyas et al. [35], in which they identified the
major elements contributing to design for sustainability. So, the sustainable design field
should consider these principles along with concepts such as design for manufacturability,
functionality, social impact, recyclability and reuse, environmental impact, and efficient
use of resources.

However, from an EV perspective, when considering these statements, even though
sustainability has been, and still is, the reason to promote the entrance of EVs into the
market, multiple arguments have been made against them since the very beginning.

Initial environmental analyses offered the criticism that, although EVs effectively had
no tailpipe emissions, the production of electricity to charge their batteries does produce
emissions, and claims were made that EVs might produce an even higher GWP than
ICEVs [36]. As shown in the right column in Figure 3, the use of renewable power sources,
such as solar panels, has been said to solve the problem and effectively allows for statement
5 of the sustainability principles to be followed. However, this might be true when the
amount of EVs is relatively small (as it is nowadays), but the growth of the market share
comes with an increase in electricity consumption, and, right now, the electricity sector is
far from having 100% renewable power sources [37]. Moreover, reaching this high rate of
renewables in the transportation industry seems somewhat unrealistic, according to Sacchi
et al. [38], and in many locations, the use of photovoltaic panels may be problematic due to
limitations in land occupation, thus requiring a deeper analysis [39] of alternatives.

The second environmental drawback identified, and criticized, was the environmental
impact of the production of batteries (Figure 3—second column—“ Battery Production”).
Effectively, the manufacture and use of EVs implies a GWP that is between 20% [40] and
40% [41] of that of ICEVs, with the industry relying on the use phase to counteract this
serious point of departure from sustainability principles. Therefore, the overall environ-
mental impact of an EV strongly depends on the electricity source mix and, right now, not
all countries offer GWP improvements by introducing EVs. Nonetheless, according to the
EU directives and measures taken, the electricity source mix of EU state members should
substantially improve by 2050, making EVs less harmful than ICEVs no matter where they
are used in the EU [40,42].

Moreover, GWP is not the only environmental category to be analyzed concerning
sustainability. Initial studies began analyzing the GWP because it was the main reason
to adopt EVs instead of ICEVs. However, once it was seen that the GWP was seriously
dependent on the origin of electricity, environmental studies began to analyze other cate-
gories of a Life Cycle Assessment (LCA). As an example of the results obtained in these
kinds of studies, an analysis performed in Hong Kong [43] indicates that the battery is
responsible for an average increase of 160% in the environmental impacts of the production
of a vehicle, with a maximum impact increase of 350% on land use, while the minimum
increase is in fossil fuels depletion and GWP, with just a 62% increase. Positively, this
same study indicates that considering the use phase of the EV shows the best of it; the
resulting environmental impact is better for the EV than for the ICEV in five categories. The
GWP is 37% of that of an ICEV, and the following categories also show less impact: ozone
formation (23%), fine particulate formation (48%), terrestrial ecotoxicity (49%), and fossil
fuel depletion (23%). Nonetheless, it also points out that the EV was 10 times worse than
the ICEV in materials depletion and 2 times worse in human toxicity. Similar results were
found in a comparison of trucks [44], with EVs classified in a worse position than ICEVs in
three additional categories: eutrophication and acidification (three times higher impact),
and photochemical oxidation (two times higher impact). In particular, mineral depletion
is especially crucial, as at least five of the elements used to produce batteries (lithium,
manganese, cobalt, copper, and nickel) are classified, nowadays, as critical materials [45]).

To address these not-so-positive results, researchers are looking for alternatives to
the LIB, and putting lots of expectations on high-energy-density lithium–sulfur, lithium–
air, and solid-state batteries, among other alternatives [46–48]. Those alternatives are
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effectively showing good results in terms of some of the characteristics, such as energy
density, environmental impact, or price, but results are less impressive in others, such as
self-discharge, efficiency, or power density, compromising the competitiveness of their
performance with what ICEVs can do [49]. However, Toyota has recently announced
that the first commercial solid-state LIB will be released in 2026. This innovative battery
technology shows great promise in addressing EV drawbacks compared to the ICEV [50].

Nevertheless, nowadays there is no clear battery chemistry capable of overpassing
the overall functional performances of LIBs. Meanwhile, researchers are also looking for
alternatives to batteries for the electrification of transportation. In this sense, it seems that
there are reasons to explore the use of hydrogen and other fuel cells [51], even though
their efficiency is half of that of batteries [52]. However, the future is uncertain about the
technology that will power private vehicles.

Another possible solution to diminish the use of critical materials is to enhance the
recycling of batteries so that there is no need to use such a large amount of raw materials.
However, recycling processes are showing relatively poor results, in contrast to what they
could be. This seems to be mainly caused by the low amount of retired EVs’ not allowing
for industrialization and cost-effective processes [53], leading, again, to an increase in the
environmental impact. Although these results are expected to improve in the following
years, this aspect of EVs is not aligned with statement 4 of the sustainability principles.
Additionally, batteries are very reactive and should be managed with care to avoid serious
safety problems [54]; thus, although not strictly going against statement 3, the materials
used in EV batteries are not as manageable as those from ICEVs. Moreover, the growth of
the EV market is taking place faster than the possibility of recovering these materials (which
occurs at least 10 years later than their use in manufacture) and, therefore, the amount of
recycled materials to be used in new batteries is (and will be) very low in comparison to a
stabilized market. Projecting the sales for 2023 of new EVs [55], the number of batteries
recovered would represent less than 2% of those needed, and these recovered batteries
would have around half the capacity of those being built now, according to the average
capacity of the models (Figure 2). Therefore, there is no point in counting on recycling to
avoid the massive extraction of raw materials right now or for the following 10 or 15 years,
when manufacturers will struggle to supply batteries [56].
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Under those circumstances, and knowing that an 80% SoH EV battery has still quite a
useful capacity for other purposes, the idea of re-using the battery in second-life applica-
tions was presented. However, the so-called benefits from a battery having a second life
(which might achieve a 30% reduction in environmental impact) come from a comparison
against using new batteries for that same purpose, while, in reality, this comparison is
unrealistic as new batteries are too expensive to be used for those purposes [57]. On the con-
trary, the second life enlarges the life cycle’s environmental impact and, additionally, more
resources are required for battery re-purposing [57]. Similarly, the economic perspectives
of battery second-life businesses do not seem as promising as expected, as the return on
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investments is minimal, and they need more than 10 years to show positive revenues [58].
Moreover, the stationary energy storage market needs are lower than what the second-life
EV market will offer soon. The stationary market could be saturated between 2030 and
2035 with second-life batteries from EVs [59]. Therefore, although EV battery reuse will
exist and will have an important role in the early stages, there is not much sense in counting
on battery reuse as the path that most EVs will follow.

However, apart from the inherent environmental concerns about the production, use,
and re-use phases of EVs, the market has made some almost irrational decisions concerning
sustainability. The entrance of the EV was a perfect opportunity to change the mobility habits
of society, as demonstrated by the massive entrance of micro-mobility. Instead of taking
advantage of this opportunity, what OEMs are trying to do is to equalize the performances
of EVs to those of ICEVs. In this pursuit, the market has identified four critical elements:
range, charge velocity, charge infrastructure, and battery aging (also visible in Figure 3). The
relatively low range (about 100 km) of the first EV models was seen as unacceptable for society,
even though the average distance of trips is around 50 km [60]. To be capable of driving these
unusual longer-distance trips, OEMs equipped new EVs with higher battery capacities, and,
nowadays, the average capacity of EV batteries is around 60 kWh, with batteries reaching
up to 100 kWh [61] and being capable of more than a 300 km range (Figure 2). According
to the data from the International Energy Agency [54], the EV range seems to increase at a
ratio of 21 km per year, based on the resulting linear regression using the mean square error
(Figure 2). Thus, as the EV range increases, so does the capacity and, consequently, the weight
of the vehicle. This weight increase is linearly related to EV energy consumption, with a
100 kg increase representing 1 kWh more consumption every 100 km [62]. Even when they
are discharged, batteries are somewhat heavy in comparison to an empty fuel tank; thus, the
bigger the battery, the heavier the vehicle. This makes EVs 30% heavier than ICEVs [32]. It is
somewhat unreasonable that, to transport 75 kg (the average weight of one person), we need
17 times more weight (1300 kg is the average for ICEVs), and that the proposed sustainable
solution (EV) is to move 23 times more weight. Moreover, longer ranges allow EVs to drive
longer highway distances, and it is on highways where the ICEV is more efficient and the
environmental benefits of EVs are less robust [63]. As a consequence, it can be assumed that
this trend goes against statements 1 and 2 of the sustainable principles.
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Linked to the relatively short range, charge velocity has appeared as a barrier to the
EV’s entrance into the market [64]. Eight hours to charge the battery is seen as a huge
drawback in comparison to the five minutes needed to fill an ICEV tank. Thus, a fast charge
is presented as a technical solution. However, a fast charge has some side effects. On the
one hand, there is the fact that a fast charge accelerates battery degradation to a higher or
lesser extent depending on the chemistry of the battery [65]. Knowing that the EoL is fixed
to 70–80% of the SoH of the battery, accelerating the degradation might work against the life
expectancy of EVs. Although it is still relatively uncertain (as there is not much information
on the current state of EV recovery), the lifetime of the first EV models is assumed to be
about 10 years, which is quite a bit shorter than the average lifetime of ICEVs (15.8 years).
Consequently, accelerating battery aging goes against point number 6 of the sustainability
principles. From all the controversial measures taken to solve competition problems, fast
charging might be one with lesser impact from a vehicle perspective, as the fast charge
is expected to occur sporadically, and because the acceleration of batteries’ degradation
becomes less relevant as the battery capacity of new models increases.

On the other hand, there is the factor of the power needed to charge a battery in half
an hour, which is about 50 kW for a 24 kWh battery, but that amount might be higher than
150 kW for higher-capacity batteries. This has an important impact on the grid, necessitating
adaptation, but also on the environment, as new and more powerful equipment should be
installed and distributed.

This need for infrastructure is the last drawback identified by society, as there is a
feeling that one should be able to charge anywhere one goes, requiring an expansion of
the charging infrastructure. However, it is expected that users will charge their vehicles
at home or work, as people will certainly buy cars that will mainly cover their day-to-day
needs, and, thus, they will not need to depend on the availability of empty charging stations
on the street, so this massive deployment may not be so necessary.

All these four concerns could be addressed by demonstrating with numbers that
(i) most people do not need high-range EVs, as the average charge value begins at a 70%
SoC [66], so there is still plenty of battery capacity left; (ii) most people do not charge
everywhere, rather, people charge in known and reliable charging stations; (iii) most home
charges have more than 4 h of idle connection [67], so there is not a necessity for fast
charges; and finally (iv) with rational use of the vehicle, medium-size-battery EVs will
have no aging problems until retirement [68]. However, the market opted to fight these
concerns (or fears) with costly and material-intensive solutions instead of using education.
Nevertheless, the EV has a major advantage that the ICEV does not, which has not yet
been actively encouraged. While both technologies pass most of the day parked, EVs do
it plugged into the electricity grid, and are capable of offering V2G services [9]. As the
market has decided to increase the battery capacity of EVs, there is an increasing amount of
unused energy available for use. Furthermore, this makes even more sense after seeing that
V2G use does not imply much battery aging [69]. Furthermore, needing just another type
of charger, the V2G process does not require many additional resources/installations to
operate the service. The adoption of V2G setups or other stationary elements (i.e., buildings,
chargers, etc.), also known as Vehicle-To-Everything (V2X), together with other sharing
possibilities, would also result in enlarging the usefulness of the product (maybe not in
years but certainly in use, in the same way that taxi vehicles are retired before common
private vehicles but have driven many more kilometers). The possibilities that V2X offers
are immense, from simple better house energy management to participation in energy
flexibility markets [70]. This life cycle enhancement positively addresses sustainability
regarding the sixth principle, and at the same time it follows the seventh principle.

However, until now, EVs have been sold as something private and, although connected
and technically capable, they are not interconnected with the grid. Thus, this situation
requires a change in the conceptualization of EV use. This technology should be understood
as something new, rather than a substitute, and the focus should be on reducing weight,
widening the scope of the sharing of mobility devices, and understanding the EV as
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a battery with wheels that can move people around [70]. Following these statements,
only reducing the battery size to something between 30 and 40 kWh, which is enough to
satisfy most daily driving needs, would represent a reduction of about 15% of the EV’s
environmental impact. Similar environmental impact reductions can be attained even if
bigger batteries are to continue being produced for the market. To do so, a higher driving
intensity (through EV sharing) [71], or the use of the battery for other purposes aside from
mobility, such as V2G applications, should be mandatory, as they avoid the installation of
ESSs for grid and home-oriented systems.

Furthermore, as it has been introduced in Section 1, advanced BMS technology also
can help to align the EV market with sustainability principles 6 and 7. Here is where
LIB models mainly take part. The more advanced the implemented models are, the more
accurate and efficient the BMS can be in harnessing the full battery potential, with better
SoX predictions [10]. By offering valuable and more accurate insights into battery behavior,
these advancements in BMS modeling enable better-informed decisions regarding charging–
discharging operation and EoL definition [72,73]. This not only increases the value of
LIB systems during EV use but also extends to other applications, further promoting
sustainability [70].

4. LIB Models in BMSs

In the rapidly evolving landscape of LIB technology, every advancement must be
driven by sustainability, especially within the EV industry. As has been introduced for
this context, there is an urgent need to boost LIB performance, extend safely the range
of operation, and maximize LIB usage over its lifespan. These objectives are at the fore-
front of current research efforts [74,75], but for the implementation of any of these new
improvements, BMS hardware and software are the key enablers [72].

On one hand, BMS hardware occupies a pivotal research spot, with researchers focus-
ing on improving configurations and efficiency within systems that manage cells’ electrical
interconnections within the LIB pack [72]. On the other hand, BMS software plays an
equally crucial role, striking a delicate balance by providing useful and accurate SoX in-
dicators while meeting the computational power requirements necessary for its seamless
integration into BMS microprocessors [72]. For this reason, the ECM is the most used model
for estimating the SoX in battery systems due to its simplicity and relatively acceptable
accuracy in capturing voltage and temperature-lumped dynamics when batteries are well
characterized. This is what the BMS uses to ensure adequate system performance [76].
However, for observability purposes in system state estimation, the base model and direct
measurements alone cannot be used to calculate the SoC and SoH due to sensor noise.
Therefore, it is always essential to integrate indirect adaptive methods when estimating the
SoX for the highest accuracy [77].

Such indirect methods mainly involve comparing predicted estimations with mea-
surements (usually voltage, temperature, internal resistance, impedance, or throughput
capacity) in real time [12]. These methods use sensor noise covariance to assist filter-based
calculations. Therefore, the error between the estimated and true measured values can be
used to adapt the model state [13]. One common practice in BMSs is to use adaptive filter-
based methodologies, such as Kalman filters, recursive least squares, or H∞ estimations
to integrate these capabilities into ECM-based observability in BMSs’ model blocks [77].
Although in most battery applications, measuring capacity in real time is very challenging,
this conceptualization results in improved SoX evaluation, with low estimation errors in
the first stages of battery life [78].

However, measurements and advanced filtering techniques cannot capture how LIB
behavior changes over the battery life. The absence of adjustment mechanisms to adapt
these modifications to ECM parameters causes significant mismatches in SoX estimations
in advanced stages of battery life [76].

To enhance the adaptability of models and achieve more accurate estimates of the SoH,
one path for improvement involves leveraging offline data-driven approaches, benefiting
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from advancements in the field of ML [76]. These promising methodologies allow for
the establishment of a baseline for battery behavior that can be compared with internal
resistance measurements, throughput capacity, and datasets gathered from various degra-
dation scenarios [79]. Techniques such as Artificial Neural Networks (ANNs), Support
Vector Machines (SVMs), and Fuzzy Logic (FL) allow BMSs to execute RUL algorithms that
improve battery usage, functionality, and overall safety along the service life [80].

Nevertheless, integrating these kinds of advanced ML-based approaches (coupled
or not with filter-based methods at the BMS level) requires a significant broadening of
hardware capabilities [76,77].

A simple ECM can reach execution times below the range of milliseconds when it
is embedded in traditional LIB BMS microprocessors [81]. However, advanced ML ap-
proaches require high processing speeds and parallel computing. These functionalities
provide the means to cluster the essential information from huge datasets [76,82]. Moreover,
multi-core processing enhances the interoperability between model layers, parallelizing
as many calculations as possible [77]. Finally, another crucial requirement involves al-
locating enough memory storage to accommodate the multiple datasets needed to feed
ML algorithms.

On one hand, as microprocessor technology is improved, more complex models can
be integrated into BMSs. The automotive industry is already introducing multi-core 32-bit
microprocessors with multiple cores integrated into BMS developments [83]. The most
advanced chipsets can integrate up to tens of flash memory megabytes, running at 500 MHz
speeds [83]. This technological evolution allows the integration of advanced LIB models,
which implement approaches like more complex adaptive filters, and/or ML algorithms to
calculate the SoX fast and accurately [84].

On the other hand, LIB characterization data files take up less than a few hundred
megabytes [85]. The more data files available, the better the ECM can identify and adapt
the parameters to degradation. So, the total memory requirement depends on the desired
level of insight into the variation of model parameters. For higher accuracy needs, memory
storage can be scaled up to gigabytes, or even more [85]. However, such storage needs can
be very complicated to meet in locally embedded BMSs.

Although simple ML approaches combined with filter-based techniques can be imple-
mented locally within compact LIB battery modules [83], the total number of cells in EVs,
and the insight required to perform good estimations, make it impossible, for even the most
advanced chipsets, to meet computation and storage restriction requirements. Therefore,
these high computational requirements cannot be considered within EV hardware systems.

Nevertheless, recent advancements in 5G-connected vehicle technologies and edge
computing have opened up new paths for future research and development. Cloud-
based architectures for the development of high-fidelity LIB Digital Twins (DTs) have
been presented as a highly promising alternative. These database infrastructures offer
significantly greater capabilities compared to embedded microprocessors. This is due to
the immense computational power and vast memory that can be provided remotely [14].
So, the DT cloud-based BMS concept can facilitate the migration of the local computational
burden to external servers, allocated in datacenters [14].

However, datacenters are responsible for 1% of global electricity consumption [86],
and storing 100 gigabytes of data in the cloud per year results in a carbon footprint of
approximately 0.2 tons of CO2 [87]. Furthermore, server cooling systems need huge
amounts of water to maintain good operating conditions. As an example, each time the
BMS recalls a data file of 20 megabytes, on average, the water consumption attributed to
this action can reach 2 L [88]. Consequently, while DT cloud-based systems should aim to
improve battery utilization, additional database infrastructure and resources make it more
complicated to retrieve LIB sustainability benefits in the long run. So, as shown in Figure 4,
DT architectures demand further computational resources, adding more GHG emissions
and water consumption to the LIB value chain, either in owned databases or in third-party
datacenter servers.
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Furthermore, the LIB DT ecosystem also requires an increase in hardware components.
The BMS-embedded microprocessor integrated within the battery requires additional
circuitry and components to enable 5G connectivity. Nevertheless, not everything can go
on the cloud, as connectivity can be lost and the vehicle should still be capable of running
safely. Thus, simpler models embedded in local BMSs are still necessary [89]. Therefore,
it can be inferred that the concept of the DT, aside from adding materials and resources
externally to the BMS, does not reduce the software and hardware elements that need to be
embedded within the LIB-integrated BMS at all.

So, as Figure 4 identifies, DT implementation in the LIB industry goes against sustain-
ability principles 1 and 2, a fact that compromises the overall battery system’s sustainability.
Thus, it is essential to find a balance between the BMS’s current generation and future
DT structures, making accuracy and computational trade-offs. Regardless, sustainability
should always be considered the primary constraint to define any development.

Henceforth, it is imperative to enhance model accuracy in embedded battery-pack
BMSs, to reduce reliance on cloud resources with questionable sustainability prospects.
Locally, the ECM’s simplicity faces limitations in representing charge transfer and lithium-
ion diffusion [22]. This is due to the ECM’s lack of physical insight, which restricts the
model’s ability to capture complex LIB electrochemical dynamics.

The precision of SoX and EoL estimates essentially depends on this accuracy [77].
So, to improve sustainability, the LIB industry also aims to develop better methods and
techniques to capture and better represent complex lithium-ion behavior and dynamics
through parameter adaptations [76].

These parameters’ updates can be obtained using Electrochemical Impedance Spec-
troscopy (EIS) over the different stages of the LIB lifetime. The extended knowledge
obtained experimentally in EIS tests captures more precisely intricate lithium-ion kinet-
ics at specific SoC and SoH frames [77]. Based on these experiments, Fractional Order
Models (FOMs) offer significantly more complex structures compared to the traditional
resistor–capacitor pairs of the ECM. The FOM introduces equivalent impedance compo-
nents that empirically extend our understanding of key factors such as solid diffusivity,
charge transfer, and electrolyte resistance, among others [77].

However, developing this kind of model is highly time-consuming because, when
striving to ensure the accuracy of the FOM, it is crucial to feed it with extensive EIS test
datasets. Similarly, FOM development significantly increases computational requirements,
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both in core speed and memory [90], as it requires vast experimental datasets. Furthermore,
similarly to a traditional ECM, the FOM needs to be hybridized with indirect approaches
due to sensor data acquisition limitations.

FOM drawbacks, as in the ECM, are related to their empirical nature, as their inherent
accuracy in different scenarios significantly relies on the total amount of datasets available.
For this reason, these requirements make them prone to become dependent on external
cloud structures.

In sustainability terms, improving the models within EV hardware is fundamental.
To achieve that, another promising alternative being considered, which provides accuracy
beyond that of simpler ECMs and comparable to FOMs, is physics-based models.

Briefly focusing on physics-based modeling specifications, the main idea behind P2D
models is, based on its first approach, and named after its creators as the DFN model,
to simplify the complex macroscopic structure of a cell into two dimensions: ”x”, which
represents the axial coordinate or the distance along the length of cathode–separator–anode
structures; and ”R”, which averages the total amount of active material in spherical vol-
umes distributed in particles within the electrode. P2D simulations capture electrochemical
cell behavior accurately, using a mathematical framework consisting of partial differential
equations and almost half a hundred electrochemical and physical parameters. This frame-
work describes fluctuations in lithium-ion transport, determining concentrations, potential
distributions, and current densities through electrodes and separators. It also considers
the cell’s constructive structure, electrolyte characteristics, and boundary conditions of the
battery system. The macroscopic simulation context can provide very accurate insights into
the performance of an LIB, efficiently estimating at cell scale essential SoX variables [10,19].

For this reason, DFN is a highly valuable tool for optimizing battery design and control
systems, allowing for a comprehensive analysis of the intricate underlying mechanisms
of batteries (including degradation). Nevertheless, it is worth mentioning that DFN loses
predictability accuracy at high C-rates and temperatures above 45 ◦C for lower SoC val-
ues [91]. However, this limitation is mitigated by the Battery Thermal Management System
(BTMS), which will prevent such conditions or impose thermal safety restrictions on the
battery [92].

Nevertheless, the main drawback of DFN models is also the computational complexity
required to run them [10,19], resulting in the same problem that is presented with advanced
ECMs. Therefore, research into LIB P2D models has been focusing on reducing their order
of complexity.

These reductions can directly be implemented in the model’s discrete realization algo-
rithms, by using state–space matrices reduction with Proper Orthogonal Decomposition
(POD), Singular Value Decomposition (SVD), or other similar techniques [20].

Moreover, order reduction can be achieved by assuming certain simplifications of
the model. The case of the SPM, whose main conceptual basis neglects any electrolyte
consideration from DFN, keeps its concentration constant through the cell’s cross-section.
Furthermore, the SPM assumes the lithium-ion flux in the separator is equivalent to the
applied current and represents the active material using only a representative spherical
particle volume on each electrode.

Since DFN, the Single Particle Model with Electrolyte (SPMe), and the SPM mathemat-
ically represent lithium-ion dynamics and transport, these models also provide the means
to determine the losses of active material that drive degradation processes [25,93,94] crucial
to perform SoX estimations. Furthermore, it is worth noting that the primary advantage,
achieved by shifting towards parameterizing the model from an electrochemical perspec-
tive, is the elimination of dependence on empirical datasets since P2D utilizes particular
sets of parameters and fundamental equations to synthesize lithium-ion expected behavior
and dynamics [93].

Several degradation processes manifest over the battery’s lifespan according to operat-
ing conditions. Research has provided evidence that the primary degradation mechanisms
can be attributed to SEI growth, the LLI, and the LAM [25]. These processes are driven by
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the loss of lithium ions in phase transformation, along species, across electrode interfaces.
Further, this degradation can be intensified by side-reaction mechanisms such as particle
cracking and lithium plating [25,94]. In this sense, there are different approaches to model
and define these degradation processes in the field of P2D models [23] as well as the
coupled underlying dynamics between those mechanisms [25].

Therefore, combining SoX accuracy improvements with a promising prospect of
merging these models with adaptive-filter methods and reduction techniques [21], P2D
approaches can emerge as particularly compelling options in the field of advanced battery
modeling, as Figure 4 summarizes.

In particular, P2D-ROM represents a promising alternative to bridge the gap between
the slower iterations of cloud-based modeling, the less precise outcomes of the ECM,
and the high computational demands of physics-based modeling. Current research is
increasingly exploring the ROM approach. Within this context, the P2D fitting in BMSs
holds promising potential for further research and development [10].

To assess the impact of P2D on real-time BMS estimations, the next subsection describes
the integration process of SoX estimations (typically from the cell-scale domain) into macro-
scale P2D-based models.

4.1. SoX in P2D Macro-Scale Simulations

From an operational standpoint, a P2D model can translate detailed physical informa-
tion into SoX terms, making it more comprehensible for both BMSs and users in practical
applications.

For instance, the SoC can be more accurately defined throughout the battery’s lifespan.
This estimation is directly dependent on the amount of lithium ions present within the
solid particles during both lithiation and delithiation processes [19].

So, from the stoichiometric point of view of each electrode, the SoC can be defined as
shown in Equation (1) [93], which shows the dependence of the methodology on reaching
full charge and discharge states.

SoC =
Q
C

≈ y − y100

y0 − y100
= 1 − x − x100

x0 − x100
, (1)

Essentially, solid particle stoichiometry represents the percentage value of lithium-ion
concentration in mol/m3, within solid electrodes. This percentage is calculated based on
the known maximum and minimum ranges of active lithium concentration that cathode
and anode materials can retain within their chemical structure.

SoC re-conceptualization can be implemented, according to the update of each elec-
trode’s stoichiometric percentage boundaries, in lithiation and delithiation processes.

This calculation (1) defines x (negative) and y (positive) as both electrode stoichio-
metric domains. Each variable resulting represents the current state of the electrochemical
stoichiometry percentage. Each variable results from dividing the present value of active
lithium-ion concentration, on each solid representative particle, in [mol/m3], by their initial
maximum value [93]. Assuming a typical conceptualization, Q represents the remain-
ing capacity of the cell, and C denotes the maximum capacity of the cell in the present
running cycle.

Similarly, the SoC can be defined using stoichiometry by establishing x and y as the
current stoichiometric value percentage at each electrode. Additionally, x100, x0, y100, and
y0 are referred to as the stoichiometric limits.

x100 and y0 values (maximum anode and minimum cathode lithium-ion concentration
conditions) are reached when the battery gets to a fully charged state. This state is achieved
when the negative electrode is fully lithiated, and the positive electrode is delithiated.

Likewise, the maximum concentrations for cathode y100 and minimum for anode x0
are reached at a fully discharged state [18,93].

However, if the model considers any degradation mechanisms, the simulated lithium-
ion losses result in the diminishing of the maximum stoichiometric limits (x100 and y100).
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Therefore, the loss of active lithium material also results in the shrinking of charge–
discharge times. Just as occurs in reality, full lithiation and delithiation states are achieved
earlier due to capacity fading and the loss of ions to side reactions [80]. Therefore, to ”stoi-
chiometrically” track degradation, the relative stoichiometric maximum limits should be
recalculated, if possible, every time the cycling process reaches full charge/discharge states.
In this way, the model itself performs an adaptive update of the SoC on each cycle [18,93].

Equation (2) builds upon the concept introduced in Equation (1), allowing P2D to
calculate the SoH, at specific points throughout the simulated battery degradation process [93].

SoH =
C

Cin
≈

Cp(y100 − y0)

Cin
≈ Cn(x100 − x0)

Cin
, (2)

Hence, as Equation (2) illustrates, the SoH throughout the battery’s simulated lifespan
is estimated using either Cp (positive electrode capacity) or Cn (negative electrode capacity)
along with their corresponding stoichiometric boundaries and Cin (initial cell capacity
value) [18,93].

Nonetheless, the accuracy of this approach hinges on the effective parameterization
of the degradation mechanisms implemented in the model, which is especially reliant on
their formulation to precisely capture lithium-ion losses [18].

Therefore, if those conditions are met, the P2D model concept also offers a greater
understanding of the ongoing degradation progress within the battery, as it incorporates
physical insights that are lacking in the ECM [23]. As a result, a more comprehensive
understanding of the battery can be obtained in real time.

Aside from the SoC and SoH, based also on this similar approach, other SoX estima-
tions can be calculated from the stoichiometric point of view. For example, the SoF concept
can be redefined from (5), to achieve a deeper understanding, from the perspective of the
stoichiometry of each electrode.

This is shown in Equations (3) and (4).

SoF+=
y100 − y0

∗

y100
∗ − y0∗′

, (3)

SoF−=
x100 − x0

∗

x100
∗ − x0∗′

, (4)

Note that the previous equations, (3) and (4), follow the same principle as (5), but
change the concept to apply it to the stoichiometric boundary domain. On one hand, y100
and x100 are the values updated for full charge/discharge cycles to track degradation. On
the other, the initial values are represented with a (∗) superscript. Moreover, the same idea
can be extrapolated to different EoL stages, according to the predefined minimum allowable
concentrations for y0* or x0*. Moreover, Equations (3) and (4) provide SoF estimations,
without the need to perform direct resistance measurements, avoiding the costs derived
from the integration in BMSs of the circuitry aimed to perform this task.

Incorporating this level of insight into a BMS provides more accurate recommendations
tailored to the specific usage of the battery. Furthermore, such an increase from P2D in
system observability helps to identify and address the potential factors that contribute to
premature EoL conditions. Therefore, by leveraging this information, corrective measures
can be implemented during service life, and preventive actions can be taken to ensure
optimal battery performance over its expected lifespan [93].

4.2. SoX Sustainability Assessment Specifications: EV Scenario

The following section details the steps taken to implement the proposed SoX formu-
lation from a P2D stoichiometrical perspective to evaluate the potential feasibility of the
proposed formulation in EV applications.

The present subsection specifies the ”experimental” conditions imposed on the two-
step degradation cycle procedure representative of the EV scenario introduced in Section 2.
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This procedure first consists of a characterization cycle, initialized by a C/10 discharge,
from a fully charged state until the battery reaches a minimum cut-off voltage of 2.8 V. The
discharge step is followed by a Constant Current–Constant Voltage (CCCV) charge at C/3
until the battery reaches 4.2 V and C/100 current values, representative of the fully charged
state. Then, a 4 h rest period is applied after the charge.

Then, the degradation cycling sequence is initiated. Each of the sequence’s cycles
involve an initial partial discharge of 0.25 Ah (to ensure the model operates within the
LGM50-T cell voltage safety range), followed by a driving-cycle current profile (representa-
tive, from an EV application). Then, a CCCV profile is applied to recover a fully charged
state. Finally, the second part of the procedure performs a validation cycle, as introduced in
Section 2. This final step is utilized to obtain reference values that can be compared with the
values calculated by the SPM. This validation cycle is a C/10 discharge and a subsequent
CCCV charge at C/3 until the battery again reaches 4.2 V and C/100 current values.

Additionally, it is also essential to define the driving cycle. To do so, the target system
corresponds to a battery of 70.4 kWh, which is the average capacity of batteries in the
current EV market [95]. The chosen driving profile emulates a typical semi-urban trip
lasting 52 min [26]. The resulting SoC evolution, over the generated driving-cycle current
profile, is then scaled to match the LGM50-T cell. So, considering the cell’s nominal capacity
of 5 Ah, a dynamic driving current profile can be generated at a step resolution of one
second. In this way, the input current profile can be established. Then, the resulting profile
is uploaded to the PyBaMM simulation. The current profile used can be consulted for more
detail in Figure 5.
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4.3. SoX Calculation According to Direct Measurements

Throughout the simulated two-step procedure, a reference SoH is estimated directly
by measuring the capacity fade in the validation cycle. Subsequently, the SoC is defined
according to the cycle-measured capacity, time-current driving-cycle dataset, and coulomb-
counting. However, a reference SoF is estimated through a different approach.

Usually, within the ECM context, among the many approaches mentioned at the
beginning of Section 4, different straightforward direct methods can be used to calculate
part of the SoX [75]. The direct measurement of the internal resistance of cells is a technique
that can be leveraged to calculate the SoF [75]. Therefore, the comparison provided in this
work also includes a simpler approach to estimate the reference SoF.
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However, to estimate the SoF through direct cell-internal-resistance measurement, it is
essential to define the resistance value at the cell’s EoL. So, a reference secondary character-
ization of the degradation cycle is conducted to generate a profile, as shown in Figure 6.
Subsequently, a reference secondary simulation scenario is built on the same LGM50-T
model used in the two-step procedure, and then run in PyBaMM. In this simulation, cycles
iterate over a full discharge at 1C, constant current charge at 1C, and final CCCV full-charge
steps [23]. Using PyBaMM’s simulation solutions, cell capacity and internal resistance
values are extracted when each cycle reaches a full charge state to constitute the curves
shown in Figure 6.
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In this way, as a separate outcome from the EV scenario, the profile shown in Figure 6
determines ”offline” the EoL stage of the simulated cell at the final reached capacity of 1.43 Ah.
This also marks the point at which the active remaining lithium-ion concentrations within one
of the electrodes reach their minimum levels within the solid material, and so the simulation
cannot operate further. These conditions are specified to be achieved after 2525 cycles of the
standardized procedure at the specified 1C rates [23].

These calculations are conducted to extend the perspective of the SoX sustainability
improvement assessment conducted later on.

The information generated in the reference cycling sequence shown in Figure 6 is
used to provide a comparison between direct methods for calculating the SoF and using
P2D-ROM.

So, the technique referred to in Figure 6 can serve a dual purpose. In the first place, it
can be used to adjust the SPM parameters to adhere to the fast degradation model behavior
introduced in Equation (2); it can also determine the EoL internal resistance inputs for
Equation (5), shown below.

SoF =
REoL − RC

REoL − Rnom
(5)

In Equation (5), expression Rc is the measured internal resistance at the beginning
of each cycle, when the cell is in the fully charged state; REoL is the internal resistance
measured offline for cells when they reach the EoL stage for a specific use; and Rnom is the
nominal internal resistance value measured in the fully charged state in the first stage of
battery life.

Similarly, as in the EV scenario, internal resistance values Rc are presented in the red
slope in Figure 6. These values are calculated according to voltage difference. Due to the
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current step imposed, Rc is calculated precisely for those specific conditions. So, the last Rc
calculated from the Figure 6 reference procedure defines the REoL value as 0.284 Ω.

The introduction of this tracking method serves to establish a simplified reference
for the SoF. This comparison enhances the evaluation of the SPM’s applications in the EV
scenario. In this sense, as depicted in Figure 7 in Section 4.4, internal resistance value
updates are carried out at the beginning of each cycle during the initial 0.5 Ah partial
discharge step to keep a logical correlation for a reference SoF. This update as well is based
on the voltage difference response from the fully charged state under the same current
impulse conditions for each cycle.
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4.4. SoX Calculation According to the P2D Perspective

The objective of this subsection is to provide a brief and graphical overview of how
Equations (1)–(4) are implemented in the EV scenario simulation from an observability
standpoint [18,93].

The fundamental assumption in this type of scenario is that during normal EV opera-
tion, the battery never reaches the cut-off lower voltages while being discharged in a driving
cycle [26]. Therefore, the SPM model should be restricted for the present experiment. Thus,
it is assumed that the SPM is only capable of updating x100 and y0 when the battery reaches
a fully charged state.

Note that the calculation of the SoC over the driving cycle also requires the values
of y100 or x0 to be defined. These values can only be determined when the simulated cell
reaches a lower limit of 2.5 V in a fully discharged state.

In the present assessment, similarly, as in EV applications, this particular condition is
only met during the validation cycles conducted along the sequence. So, when considering
the feasibility of implementing the SPM in the EV use case, it is important to highlight
that the minimum stoichiometric values remain mostly stable throughout the cycling
process [23]. Consequently, x0 can be assumed to be constant, according to the value
calculated in the first characterization cycle [18,93].

Therefore, according to the updated stoichiometrical values, Equations (1) and (4), as
well as the imposed EV application constraints, the SoC and the SoF, can be estimated for
the SPM in the simulated scenario. However, to calculate the SoH according to Equation (2),
Cn should also be updated for each cycle. To do so, Cn is updated in the fully charged state
according to the lithium-ion charge available in the solid SPM negative particle.
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Figure 7 shows how the different initial values and the corresponding updates are
obtained for both the reference and the SPM SoX estimations.

5. Simulation Results

Results in Figure 8 show how the SPM correctly estimates the SoC as the battery ages
and also captures the changes in the SoC at different stages of battery life. According to
the reference cycles, the final SoC value is reached when the driving cycle ends; this value
evolves approximately from 80.9% to 75.2% for the final SoC.
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The estimation of the SoC is very precise through all stages of battery aging, as
resulting Root Mean Square Error (RMSE) values range from initial 0.14 in the 1st cycle to
0.24 in the 1000th. These estimation differences are associated with the smooth behavior
of the slopes represented by the SoC SPM estimations illustrated in Figure 8. The minor
discrepancies observed in RMSE calculation can be attributed to the parameterization of
anode physical properties, as described by Chen et al. [17], wherein the negative electrode’s
solid particle radius and solid diffusivity parameters are the main factors responsible for
this behavior [17]. Furthermore, as PyBaMM utilizes the finite volume method to handle
material transport within the solid, the stoichiometric approach results differ from the
coulomb-counting methods used to calculate reference SoC values.

The comparison between the SPM SoC formulation and the reference SoC end-value
difference, extrapolated from each driving cycle, remains closer to 0.35% over the experi-
ment. These results seem promising, but it should be considered that an exact parameteri-
zation of cell aging might not be that easy. As a consequence, P2D results based on real cell
aging tests are subject to the goodness of the fitting and might change from one experiment
to another. When a model’s parameterization is good, there will be no need to implement
any additional adaptive techniques.

Then, as Figure 9 shows, the SPM formulation provides a close representation of
the SoH, with a 0.004 RMSE. Figure 9 depicts how, using the SPM, Equation (2), and
the negative electrode as the system’s observer, the SoH can be matched along time in a
hypothetical EV representation.
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Nonetheless, note that this level of accuracy can be achieved only through closely
matching physical degradation electrochemical parameters and dynamics. The more this
match differs from reality, the worse those estimations will be.

The whole analysis emphasizes the strong dependence that P2D models have on
electrochemical parameterization. It might not be necessary, and it would not be that
interesting from a sustainability perspective, but, if needed, P2D approaches can still count
on system observers along with complementary adaptive filter techniques, such as those
used in the formulation of the equivalent hydraulic model [21,77], or other data-driven
approaches [10].

In any case, analyzing Figure 10, it can be clearly identified that the gained physical
insight to calculate the SoF based on the SPM formulation (Equation (4)) likely extends cell
usage in comparison to the use of the internal resistance approach (Equation (5)) currently
implemented in BMSs.
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In addition, it is worth noting that degradation mechanisms affect both electrodes in
different ways. Hence, different SoF estimations can be expected as well [25]. However, as
the degradation on the negative electrode is more pronounced [25], it is valid to use only
Equation (4) to estimate the SoF as shown in the present simulation.
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In summary, results demonstrate that the SPM can effectively be used in real-time
EV-BMS applications and positively affect sustainability. First, it generates a data frame
of immense value to optimize cell usage in operation and enlarge the battery’s lifespan in
its first life, and this extended information can be used to define more accurately the EoL
or further second-life applications. Therefore, it can be stated that, from a sustainability
perspective, the P2D-ROM’s potential accuracy improvements regarding the SoC and SoH
enable us to leverage and better distribute the available energy stored among the battery
pack’s cells throughout the LIB lifetime, maximizing usage, and further enabling LIB size
reduction, addressed at the end of Section 3. Second, the resulting accuracy improvement
obtained also serves as a good input to allow V2X approaches and enhance the sharing
of the EV battery. Third, the consideration of the P2D framework to calculate the SoF,
instead of the current simpler approaches, proves that physics-based SoF indicators can
postpone EoL definition, as shown in Figure 10, by up to 12%. Additionally, it should be
noted that there is no need to use more resources to reach this gain for every case, which is
precisely the type of advancement that the OEM should be dealing with. Thus, the positive
results from the feasibility assessment illustrate how considering P2D-ROM approaches
for local BMSs can potentially align EV design with the sixth and seventh sustainability
eco-efficiency principles.

6. Conclusions

This study performs a thorough comparison between the current developments to
overcome the main drawbacks that society has identified in the EV and the seven prin-
ciples of sustainability. Results highlight that, although the EV is presented worldwide
as a sustainable alternative, the EV market trends do not align with these sustainability
principles, putting the goodness of the EV into doubt. The advancements towards bigger
batteries and higher-power charger stations negatively affect several key aspects of the EV,
such as the use of materials in the production phase, but also the weight of the vehicle, and
its efficiency, consumption, and aging during the use phase. The EV relies on other sectors
to mitigate some of these drawbacks, emphasizing the importance of integrating renewable
power sources to achieve true sustainability, both in LIB manufacturing processes and
EV operation.

This study presents pieces of evidence that, currently, the EV is generally not designed
with a focus on the environment as it should and suggests several possibilities to change
this to facilitate the transition towards electric mobility.

The first suggestion encourages the adoption of V2G strategies, wherein EVs share
mobility and energy storage capabilities, as it is relatively easy to implement and adheres
to the sixth and seventh sustainability principles and the circular economy directives.
This could be the first step towards understanding the EV as something different from an
ICEV and opening back the opportunity to think about design mobility for sustainability,
maximizing the use of EV batteries for multiple purposes, or building smaller-battery
vehicles to cover most day-to-day trips while using other alternatives for longer trips.

The second proposal of this work has deepened into other alternatives to further
increase the durability and intensity of LIB use. The study analyzes the benefits and
drawbacks of applying advanced LIB models in BMSs, highlighting the challenging task of
striking a balance between accuracy and computational requirement trade-offs, considering
sustainability as the main driver of the EV transition.

In this sense, the P2D-ROM offers a promising alternative to current battery mod-
els, to enhance SoX estimation precision locally in LIB-integrated BMSs. This integration
eliminates the need for complex DT cloud ecosystems, whose infrastructure poses even
more challenges for EVs to align with sustainability. Successful results, obtained from
PyBaMM simulations, further support the effectiveness of the P2D-ROM in EV-BMS appli-
cations. This showcases the advantages of implementing advanced LIB models, enabling
better-informed operational decisions, precise EoL estimations, and effective planning for
potential second usages. Furthermore, better performance of advanced modeling also
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eliminates the need to re-purpose the BMS, as it is often required in ECM implementa-
tions beyond the first battery life stage. Nevertheless, the article also highlights certain
drawbacks, in the context of P2D modeling, such as the dependence of P2D modeling on
precisely fit electrochemical cell parameters.

Finally, this article emphasizes the need to increase future research efforts to effectively
integrate P2D models into real BMSs. So, investigation lines should focus on overcoming
physical parameterization uncertainty and the obtention of meaningful results that can
potentially be used as improved SoX indicators. In this context, by assessing the synergies
between P2D models and adaptive indirect model-based approaches or ML based on ad-
vanced parameter identification techniques, physical parameter characterization-associated
difficulties can potentially be addressed. However, a model’s computational requirements
must be considered and ensured, in any case, to be low enough to fit into LIB-embedded
BMS microprocessors. One approach to achieving a proper balance is the conceptualization
of the P2D-ROM, using SPM or SPMe derivations coupled with SVD, POD, or other similar
reduction techniques at the same time as adaptive approaches in real time.

The EV is bringing the opportunity to drive towards a cleaner future, but both industry
and society must identify it so developments will go towards a sustainable transition of
mobility. The EV should not be considered a substitute for the ICEV; it is just an alternative,
with different characteristics.
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Appendix A

Table A1. Model-specific parametrization for the degradation model [22–24].

Parameters SPM Degradation Model

Ambient temperature [◦C] 25
Upper voltage cut-off [V] 4.21

SEI kinetic rate constant [m·s−1] 1 × 10−12

Initial outer SEI thickness [m] 5 × 10−9

Outer SEI solvent diffusivity [m2·s−1] 4.65 × 10−20

Positive electrode LAM constant proportional term [s−1] 5.5 × 10−6

Negative electrode LAM constant proportional term [s−1] 3.5 × 10−6

Dead lithium decay constant [s−1] 5 × 10−3

Table A2. Model domain specifications for the degradation model [22–24].

Model Domains PyBaMM Specifications

Particle Fickian diffusion
SEI Solvent diffusion-limited

SEI film resistance Distributed
Particle mechanics Swelling only

Loss of Active Materials Stress-driven
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