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Abstract: Electrochemical battery cells have been a focus of attention due to their numerous advan-
tages in distinct applications recently, such as electric vehicles. A limiting factor for adaptation by the
industry is related to the aging of batteries over time. Characteristics of battery aging vary depending
on many factors such as battery type, electrochemical reactions, and operation conditions. Aging
could be considered in two sections according to its type: calendar and cycling. We examine the
stress factors affecting these two types of aging in detail under subheadings and review the battery
aging literature with a comprehensive approach. This article presents a review of empirical and
semi-empirical modeling techniques and aging studies, focusing on the trends observed between
different studies and highlighting the limitations and challenges of the various models.
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1. Introduction

The majority (almost 80%) of global energy demand is supplied from fossil fuels [1].
The emissions associated with them is responsible for environmental pollution and climate
change. The integration of renewable energy sources into transportation has gained mo-
mentum due to the increased use of electric vehicles in recent years. Consequently, the
emissions associated with transportation would be notably decreased, contributing to the
alleviation of environmental pollution and the mitigation of climate change [2]. Further-
more, some additional benefits of electric vehicles (EVs) in comparison to the conventional
internal combustion vehicles are enhanced sustainability, diversification of energy sources,
quiet operation (noise pollution), and low operating costs [3,4].

The International Energy Agency reports that many developed nations are transi-
tioning to electric vehicles due to financial and political support, as well as regulations
targeting carbon emissions from fossil fuels [5]. Therefore, it is evident that EVs will be-
come widespread in the upcoming decade. Thus, the importance of batteries is becoming
essential more than ever. There are many distinct types of batteries used in electric vehicles
depending on their chemistry, shape, characteristics, etc. Li-ion (Lithium Ion) batteries
are the most preferred ones for EVs instead of NiMH (Nickel Metal Hydride) and Pb-acid
(Lead-Acid) batteries [6].

Lithium-ion batteries are the most commonly used battery type in current electric
vehicles, thanks to their advanced technological benefits compared to their competitors [7].
Lithium-ion batteries are in demand in automotive and aerospace applications due to many
advantages, such as high power, a high charging rate, high capacity, no memory effect, a
cost-effective purchase, and low self-discharge [8,9]. While some Li-ion chemistries may
have specific thermal or performance limitations, overall charge/discharge efficiency is
much higher compared to other electrochemical technologies. Also, while some chemistries
have demonstrated limited life cycles, certain commercial EV Li-ion batteries, such as
LFP/graphite and NCA /graphite, have already shown the ability to exceed 5000 full
cycles at room temperature. There are also distinct chemistries for Li-ion cells, which yield
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unique performance, safety, and cost characteristics. Most commercial Li-ion cells use
intercalating compounds as active materials. The negative electrode (negative electrode) is
usually graphite, and there are five distinct types of lithium-ion batteries named after their
positive electrode (positive electrode) materials: Lithium Cobalt Oxide (LCO), Lithium Iron
Phosphate (LFP), Lithium Manganese Oxide (LMO), Lithium Nickel Manganese Cobalt
Oxide (NMC), and Lithium Nickel Cobalt Aluminum Oxide (NCA). Some manufacturers
dope LMO with small amounts of Nickel (Ni), Aluminum (Al), or other materials to enhance
its energy density and thermal stability, making it more suitable for high-performance
applications in electric vehicles. In addition, if the negative electrode material of a Li-
ion battery is Lithium Titanium Oxide (LTO) instead of graphite, the battery is named
after the negative electrode material used [10]. While mobile electronic devices have
traditionally been powered by high-energy-density lithium batteries with LCO (LiCoO,)
positive electrodes and graphite negative electrodes, in recent years, NCA and NMC
lithium batteries have become more common due to their lower costs. LFP (LiFePOy), NCA,
NMC, and LTO are widely used in EVs due to their high energy density compared to other
chemistries, whereas LMO is no longer commonly used in EV applications due to its poor
calendar life and lower energy density [11,12].

Battery cell performance and useful capacity degrades over time, while internal resis-
tance increases due to the aging of batteries [13-16]. Batteries in EVs and hybrid electric ve-
hicles (HEVs) are generally considered to reach end-of-life (EOL) when their state-of-health
(SoH) drops to 80% of the original capacity, as defined by most international standards,
and should be replaced. In addition, factors such as battery resistance, power performance,
and warranty considerations influence battery replacement decisions. Therefore, critical
measures should be taken to design battery packs for HEVs/EVs [17,18].

Aging is caused by various chemical mechanisms that affect the electrolyte, electrodes,
separator, current collectors, and separator (Figure 1 [19,20]). The predominant cause
of capacity loss, as acknowledged by many authors, is attributed to the loss of lithium
inventory [21-23]. The degradation mechanisms of the negative electrode and positive
electrode differ significantly. In the negative electrode, lithium inventory loss primarily
occurs due to the formation of an insulating solid electrolyte interphase (SEI) at the negative
electrode’s surface, resulting from the reduction in the electrolyte. This reduction leads to
lithium plating and a reduction in available active lithium. In contrast, positive electrode
degradation follows a different pathway and contributes less to lithium loss.
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Figure 1. Schematic of lithium-ion battery chemistry.

Consequently, the key factor in limiting capacity is the loss of lithium inventory at the
negative electrode [24]. At elevated temperatures and high states of charge (S0C), the SEI
layer may form more rapidly. This formation can expose fresh negative electrode material
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to the electrolyte, leading to increased reactions between the negative electrode and the
electrolyte. As a result, unwanted byproducts may be generated, and the resistance at
the negative electrode-electrolyte interface may increase, which is referred to as negative
electrode impedance [25,26]. In addition to the effect of SEI growth on the aging of negative
electrodes, lithium plating and binder decomposition play an integral role. The aging
mechanism in the positive electrode is dominated by active material degradation, mechani-
cal breakage, and electrode separation, where active material detaches from the electrode
structure. Electrode separation often occurs due to mechanical stress or degradation of
binder materials, leading to reduced battery performance [13]. Figure 2 documents the
factors affecting aging, the chemical and physical mechanisms of aging, and their associated
degradation modes [27]. This figure provides an insight into the cause—effect relationship
and the battery aging event cycle.
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Figure 2. Factors affecting aging, chemical and physical mechanisms, and the effects they cause.

Battery aging can be classified in two major categories: cycling and calendar aging.
Calendar aging occurs when the battery is at rest (i.e., lack of charge/discharge cycle),
and cycling aging occurs when the battery is experiencing charging/discharging cycles.
However, all the cells experiencing charge/discharge cycles also age due to calendric effects,
which requires both effects of cycling and calendar aging to be combined to offer a more
realistic approach. Battery aging is a complex process as many factors interact with each
other, while both environmental conditions and user characteristics (drive cycle profile)
play a role on aging. Establishing appropriate aging predictions is essential to ensure the
efficient use of battery cells as well their safe operation [20]. SoH depends on charge output,
time and operation parameters such as the SoC, temperature, current amplitude, and depth
of discharge (DoD) [28-31].

While many external factors affect aging, the most dominant is temperature (generally
accepted as more than 30 °C) as it triggers some chemical reactions and accelerates the
reaction speed of others on degradation. Likewise, excessive current accelerates aging,
which also increases the probability of failure during a cycle [32].
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Battery Aging Modeling

There are various methods of predicting lithium-ion battery degradation, which de-
pend on the performance trait being observed (such as capacity degradation or increased
resistance), the kind of battery life being evaluated (whether it is based on cycles or calen-
dar), and the overall modeling method. Some of these techniques employ electrochemical
models that rely on theory to comprehend and predict the actual reactions that cause
degradation within the battery. Other approaches utilize a more empirical method to model
battery aging and establish connections between battery aging and specific variables by
utilizing experimental data.

Electrochemical models aim to quantify the impact of various factors (T, current,
S0C, etc.) of battery aging, and these models are used to optimize the physical aspects
of batteries and characterize parameters such as voltage, power, and current. The aim of
these approaches is to gain a clear understanding of the specific chemical and physical
phenomena that occur during battery usage [7]. Electrochemical models rely on the Butler—
Volmer equations and porous electrode theory as well as the single-particle model (SPM) to
estimate the performance of a battery [33,34].

Models based on electrical principles use equivalent circuit components (ECMs) to
forecast how batteries will behave in terms of their terminal characteristics, such as voltage
and current. However, the definition of equivalent circuit varies between studies, and the
parameters used to predict battery aging may include both internal battery parameters and
resistor aging parameters. By extrapolating degradation trends, predictions can be made
about which battery components, like electrolyte, negative electrode, positive electrode,
etc., are degrading and at what rate [35,36]. These methods require a diverse and large
dataset, and testing is time-consuming.

There are different mathematical models in the literature for predicting battery calen-
dar aging, based on empirical evidence. These models can be divided into two categories:
empirical and semi-empirical. The semi-empirical approach aims to combine the advan-
tages of both approaches by using theoretical principles and experimental results to assign
values to the fit parameters of the model. Semi-empirical models use a combination of
theory and curve fitting [37]. For instance, a theory predicts a linear relationship, and
the best linear relationship is found from the available data, even if the best fit curve is
non-linear. Semi-empirical cell aging models use limited data from cycled and stored cells
under accelerated aging conditions.

Electrochemical approaches are often too complex to be practical, while empirical
approaches require a large amount of data and only work under specific experimental
conditions. Compared to electrochemical models, semi-empirical models are simpler yet
can be applied to a wider range of conditions than empirical models [38,39].

Over the past few years, the emergence of machine learning techniques has brought
about significant changes in several fields, particularly in battery aging modeling. Machine
learning approaches have shown great potential in predicting battery capacity degrada-
tion by analyzing large volumes of data and identifying patterns and trends [40]. These
models can account for a wide range of factors that affect battery performance, such as
temperature, voltage, and current, and can provide more accurate predictions than tradi-
tional models [41]. Due to its easy application and independence from detailed knowledge
of degradation mechanisms, machine learning-based methods are widely investigated
for promoting empirical state-of-health (SoH) estimation [42]. Li et al. [43] provided an
overview of various machine learning algorithms for SoH estimation, which includes Gaus-
sian process regression (GPR), neural networks (NNs), relevance vector machines (RVMs),
autoregressive models (AMs), and support vector machines (SVMs), based on real-world
data. On the other hand, Ng et al. [44] conducted a comparative analysis between ECMs
and physics-based models, where they present a comprehensive survey of the application
of machine learning techniques for battery state prediction. Gasper et al. [45] presented a
novel approach for identifying empirical models from large sets of algorithmically gener-
ated equations by means of two-level optimization and symbolic regression, with a focus
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on assessing the reliability of these models. Besides these studies, the existing literature
on machine learning algorithms is not comprehensive enough, and their efficiency and
application potential are still not fully discussed.

The majority of theoretical models that predict battery aging are based on physical rela-
tions. Therefore, experimental and numerical aging studies on battery cells are documented
simultaneously to uncover the aging mechanisms and capacity degradation of EV batteries.
The literature on semi-empirical aging models is scattered, requiring researchers to invest
considerable time and effort in locating and synthesizing relevant studies. This scatter can
hinder the efficient advancement of knowledge in the field. To address this gap, our goal
was to produce a comprehensive review that systematically organizes and consolidates
the scattered information. By bringing together key findings and insights from various
sources, we aim to provide a structured and accessible resource that not only facilitates a
clearer understanding of semi-empirical aging models but also supports and accelerates
future research efforts in this area. This review summarizes the capacity degradation of
batteries in EVs, factors affecting battery life, and experimental /semi-empirical prediction
models for calendar and cyclic aging. In Section 2, experimental studies for calendar aging
are evaluated. Section 2 starts with an overview of relevant aging mechanisms and stress
factors for commonly used battery types in calendar aging studies. Then, the studies are
analyzed to draw a general inference, and degradation models are examined in detail. In
Section 3, experimental studies on cycling aging are examined. The same procedures as
those mentioned in Section 2 for calendar aging are also applied to cycling aging under
this section.

2. Calendar Aging

Calendar aging includes all aging mechanisms that are in the resting state of battery
cells, i.e., absent of charge and discharge cycle [46]. Over time, the chemical reactions
occurring within the battery cells during storage gradually degrade the active materials on
the electrodes and the electrolyte, leading to capacity degradation. These reactions can lead
to the formation of an SEI layer, positive electrode electrolyte interphase (CEI) formation
electrolyte decomposition, and changes in electrode materials over time, such as the loss of
active material, structural damage, and chemical alterations.

Several interconnected factors contribute to calendar aging in EV batteries. Calendar
aging is greatly affected from the SoC, temperature, and the time elapsed [47]. Temperature
plays a critical role in calendar aging. Conversely, extremely low temperatures can also
impair battery efficiency and performance [48,49]. Manufacturers and battery management
systems incorporate temperature control mechanisms to maintain batteries within optimal
operating ranges, typically between 25 °C and 30 °C [50,51]. The SoC is another crucial
factor affecting calendar aging; storing batteries at high SoC levels for extended periods
can increase aging.

This section aims to explore various experimental studies in the literature that have
produced noteworthy findings about battery calendar aging. Our primary focus is on
highlighting the influence of temperature and the SoC to gain a better understanding of their
impact on battery longevity. The ultimate objective of this evaluation is to derive valuable
insights that can enhance the lifespan of batteries, leading to improved performance
and efficiency.

Wang et al. [39] tested NMC + LMO cells with a 1.5 Ah capacity over 400 days
at various temperatures and DoDs. They found that capacity degradation was largely
influenced by a loss of lithium inventory, with the highest reduction occurring at 46 °C,
resulting in a 22% capacity degradation. They developed a time-dependent model using
the Arrhenius correlation to understand temperature’s impact, but the model tended to
overestimate capacity degradation at higher temperatures of 34 °C and 46 °C compared to
the observed results. In another study examining the impact of loss of lithium inventory
on capacity degradation at elevated temperatures, Sarasketa-Zabala et al. [52] conducted
aging tests on 2.3 Ah LFP cells for 300 to 650 days within a temperature range of 30 °C
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to 50 °C. Furthermore, results showed that prolonged storage and temperatures over
40 °C accelerated aging, through active material loss (LAM). They created a model using a
combination of storage temperature and SoC parameters based on the Arrhenius law.

Ecker et al. [28] examined the aging of lithium-ion batteries by combining the electric—
thermal model with a semi-empirical aging model. They conducted accelerated tests on
six Ah NMC batteries over 60 weeks, varying temperature, and the SoC. Cells stored at
65 °C showed gassing processes and rapid failure. Capacity degradation was found to
have an exponential relationship with both voltage and temperature, as per their results.
Omar et al. [53] conducted calendar life experiments on LFP pouch battery cells with a 7 Ah
capacity, testing at four temperatures and three SoCs for 28-280 days. They found that high
storage temperatures significantly reduced battery life, with temperature having a greater
impact on aging than SoC. Optimal storage conditions were around 25 °C. Aging increased
by 120% at 20 °C, 135% at 40 °C, and 138% at 60 °C. In another study that provides evidence
supporting the notion that temperature exerts a more significant influence on aging than
the SoC, Grolleau et al. [54] studied commercial LFP cells with a 15 Ah capacity, stored at
three SoCs and temperatures for 450 days and developed an aging model. Their model
accurately predicted degradation based on storage conditions, indicating that capacity
degradation depended solely on storage conditions, not aging history.

Kassem et al. [55] investigated the aging of 8 Ah LFP cells for up to 8 months. They
found that capacity degradation correlated directly with storage temperature, with severe
aging observed at 60 °C. Cyclic lithium loss, attributed to side reactions at the negative
electrode, was identified as the primary cause of capacity degradation. Cells aged at
higher temperatures exhibited both reversible and irreversible capacity degradations, with
irreversible losses being more significant at 60 °C. Werner et al. [38] studied the calendar
aging of an NCA cell over 21 months, finding that high temperatures and high SoC levels
led to significant self-discharge, particularly at 100% SoC and 60 °C. An empirical model
was developed to describe cell degradation, revealing no dependency on temperature
path. Similarly, Wildfeuer et al. [56] investigated the aging of 196 lithium-ion cells with
2.5 Ah NCA positive electrodes over 697 days. They discovered that battery lifetimes
were underestimated due to inconsistent periodic check procedures and that inspection
frequency impacted degradation rates. The effect of the SoC on calendar aging was highest
at around an 85% SoC, possibly due to a positive electrode-driven shuttle mechanism.

In another study using the same experimental data, Karger et al. [57] introduced
a novel mechanical calendar aging model based on component health states instead of
capacity. Utilizing experimental data covering 672 days under diverse temperature and
SoC conditions, unlike traditional capacity-based models, this approach focuses on degra-
dation modes and compensates for check-up measurement impacts. It effectively captures
dependencies on temperature and the state of charge for the loss of lithium inventory and
active positive electrode material, predicting capacity with less than 1% mean deviation
for seven storage conditions. Additionally, check-up compensation extends the predicted
lifetime by over 150% under certain conditions.

Similar to the impact of elevated temperatures, lower temperatures also exert adverse
effects on battery capacity and internal resistance. Additionally, it is important to acknowl-
edge that the influences of low and high temperatures on battery performance can exhibit
variations. Jaguemont et al. [58] presented the results of aging tests conducted on a 100 Ah
prismatic LFP battery cell under low-temperature conditions. Three cells underwent a
standardized driving cycle at —20 °C; 0 °C; and 25 °C while another underwent a calendar
test at —20 °C with an SoC maintained at 50% for 400 days. They found that at —20 °C, the
battery reached the end-of-life criterion defined as 80% of nominal capacity after 17 days of
storage, highlighting the significant impact of cold temperatures on battery lifespan.

Maures et al. [59] introduced a calendar aging model for 2.5 Ah NCA Lithium-ion
batteries focusing on time and temperature effects. Their study spanned temperatures from
—20 °C to 55 °C at a 95% SoC for 200-300 days. They quantified degradation processes
like conductivity loss (CL), LAM, and loss of lithium inventory, modeling them with an
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equation based on the Arrhenius law. They found that while LAM and LLI aging followed
Arrhenius’s law, at lower temperatures, lithium plating became more significant.

Schmalstieg et al. [60] introduced a comprehensive aging model for 2.05 Ah NMC
batteries derived from accelerated aging tests. They found that an SoC at 50% had the least
impact on calendar aging. After using an electric-thermal model to generate battery SoC
and voltage, they proposed a semi-empirical model based on the Arrhenius law to predict
battery future calendar aging, revealing that aging speed increased linearly with voltage
during calendar aging tests. Hoog et al. [61] proposed a semi-empirical combined lifetime
model for 20 Ah NMC cells. Their numerical model predicted a combined lifespan with
less than 5% accuracy relative to the experimental results. Unlike other studies, an initial
increase in capacity was observed when cells were stored at a low charge state, attributed
to electrochemical grinding. This observation indicated that side reactions did not impact
SEI growth.

Zheng et al. [62] conducted a comprehensive investigation into the degradation char-
acteristics of high-power 1.06 Ah LFP batteries exposed to various temperatures and SoC
levels for 10 months. Under high SoC conditions, they observed significant lithium-ion
loss at the LFP positive electrode, along with a minor reduction in capacity at the graphite
negative electrode. Also, for LFP cells, Redondo-Iglesias et al. [63] proposed the use of the
Eyring acceleration model for calendar aging modeling, which extends Arrhenius’s law to
other stress constraints. This model, which is not common, was proposed to express the
aging laws of batteries in some recent studies [64,65]. Cells may experience self-discharge
(SoC shift) during idle operation.

Su et al. [66] investigated the aging of 3 Ah NMC batteries under static and non-static
conditions, exploring pathway dependence. During the non-static storage tests, both
temperature and SoC changed over time throughout the testing procedure. Results showed
consistent cell aging modes across temperatures, with notable acceleration at a 95% state of
charge. They developed an empirical model to describe cell aging in static storage tests.

Naumann et al. [67] presented a comprehensive calendar aging study on 2.3 Ah LFP
batteries, in which they observed that capacity degradation increased with high storage
SoC cells but remained relatively constant in the middle SoC range. They developed a
semi-empirical aging model for capacity degradation applicable to all static and dynamic
conditions, with model errors below 2.2% for dynamic validation tests. Xu et al. [68] studied
the effects of irregular battery operation on battery degradation using LMO cells. The
study considered several fundamental theories of battery degradation, including SEI film
formation and the Arrhenius law relation. They found that the effect of SoC on capacity
degradation becomes more pronounced as storage time increases, i.e., especially after the
2nd year.

Montaru et al. [69] studied capacity degradation in high-temperature, high-SoC condi-
tions, introducing a dual tank aging model. This model combines a physics-based model
for SEI growth and an empirical model for electrode capacity degradation [70,71]. The
study tested LMO + NMC Li-ion cells, and significant capacity degradation at higher SoC
levels and temperatures was attributed to SEI thickness growth. The model demonstrates
the evolution of lithium contents, electrode potentials, and electrode capacities.

Calendar aging analysis involves a recurring process of calendar aging and cell char-
acterization. Historically, the impact of cell characterization on the outcomes of calendar
aging studies has been generally considered insignificant. Krupp et al. [46] studied calendar
aging of 64 Ah NMC cells with periodic characterization measurements. As a result of char-
acterization measurements, they found increased capacity due to improved cell kinetics,
resulting in delayed end-discharge voltage and extended capacity. Reduced cell resistance
was observed, attributed to increased positive electrode surface area from structural degra-
dation. The study recommends capacity measurements at a current rate of less than 1 C for
consistent results. In addition, the observed aging behaviors displayed some deviations
from previous studies, notably in the relationship between SoC and capacity loss. Rather
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than a linear dependence, a constant capacity loss was identified between 70% and 90%
SoC, which was attributed to the influence of cathodic and combined side reactions.

Keil et al. [72] documented calendar aging of three 18,650 lithium-ion cells with
distinct positive electrode materials (NCA, NMC, LFP). They showed that there is no linear
relation between calendar aging and SoC. In addition, the negative electrode potential
has a significant effect on capacity degradation. Capacity degradation during storage is
significantly affected by the intermediate negative electrode potential, which typically
occurs between a 30% and 60% SoC for NMC and NCA cells and between a 40% and 70%
SoC for LFP cells. When SoC values are below 30—40%, the capacity degrades while the
negative electrode potential increases. Eddahech et al. [47] explored calendar aging effects
on four Li-ion battery chemistries (LMO + NMC, NMC, LFP and NCA) under various
temperatures and SoC levels. They found manganese-containing batteries, particularly
LMO and NMC, to be sensitive to elevated temperatures, while LFP batteries demonstrated
extended calendar life and thermal stability. NCA cells showed a balance between extended
life cycles and high-performance efficiency. Geisbauer et al. [73] investigated six li-ion
battery chemistries (NCA, NMC, LFP, LCO, LMO, and LTO) under different temperatures
and SoC levels for calendar aging. They found that capacity loss was most severe at 60 °C
and higher storage voltages, even for titanate oxide cells. NMC, NCA, and LTO cells
exhibited the most severe capacity degradation at 60 °C, with NMC and NCA cells showing
no open-circuit voltage at the highest storage voltage and 60 °C due to triggered current
interruption mechanisms.

2.1. Evaluation of Empirical Calendar Aging Studies

As detailed in Section 2, various experimental studies in the literature explored the
impact of aging parameters on calendar aging behavior. Some studies focus solely on time
and temperature, while others propose correlations for aging behavior that consider time,
SoC, and temperature. A summary of the studies analyzed in this review is presented
in Table 1.

The calendar aging factors in lithium-ion batteries contribute to the degradation of
the battery through mechanisms such as the loss of lithium inventory, the loss of active
material in the electrodes, and the decline in electrical conductivity [39,59]. Specifically,
the loss of lithium inventory occurs due to side reactions that consume Li-ions, such as
the formation of SEI on the surface of graphite negative electrodes, electrolyte degradation
processes, and binder dissociation. These side reactions trap Li-ions in inactive forms, such
as lithium plating or SEI formation, preventing them from participating in further reactions
and leading to gradual capacity degradation. SEI growth is particularly affected by the SoC,
temperature, and storage time. As the SEI layer thickens, some active materials such as
the negative electrode material become less electrochemically active, resulting in negative
electrode active material loss, which accelerates calendar aging [52,69]. Electrolyte de-
composition in lithium-ion batteries can trigger chemical reactions that corrode electrodes,
form insulating layers, and cause structural damage. Decomposition of the electrolyte
and irreversible phase transition effects lead to the loss of active material during calendar
aging. The loss of electrical conductivity is related to the deterioration of the collectors and
connectors. Lithium inventory loss and active material loss are the dominant modes of
calendar aging [18].

The degradation of batteries may exhibit varying chemical reactions at high and
low temperatures. High temperatures over 40 °C can cause lithium loss, resulting in
less available lithium for intercalation and inducing capacity degradation [14,74]. High
temperatures can lead to increased chemical activity, causing the breakdown of active
materials and the formation of unwanted compounds. This phenomenon ultimately results
in a reduction in the battery’s capacity and performance, which means that an EV’s range
on a single charge will diminish more rapidly in hotter climates [28,38,39,47,52-55].
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Table 1. Overview of calendar aging studies for EVs reported in the literature, with study conditions
and experimental data.

Study Chemistry Capacity (Ah) Storage Time (Days) Parameters
Temp. (°C) SoC (%)
Eddahech et al. [47] NMC, LMO,NCA and LEP 5% 2&2@2‘5 1000-1200 45 and 60 65 and 100
Geisbauer et al. [73] NCa, NMaCr’l;“iI%éCO’ LMO, 13t02.6 120-150 18.5, 50, and 60 2,38, and 100
Keil et al. [72] NCA, NMC, and LFP 1.12,'%.9 zﬁi ff“/ily 270-300 25,40, and 50 0to 100
Wang et al. [39] NMC + LMO 15 400-600 10, 20, 34, and 46 50
Montoru et al. [69] NMC + LMO 43 380-700 0, 25, 45, and 60 0, 30, 65, 80, and 100
Sarsketa-Zabala et al. [52] LFP 23 300-650 30, 40, and 50 30, 60, and 90
Omar et al. [53] LFP 7. 28,280 10, 25, 40, and 60 25,50, and 100
Grolleau et al. [54] LFP 15 420-480 30, 45, and 60 30, 65, and 100
Kassem et al. [55] LFP 8 230 30, 45, and 60 30, 65, and 100
Zheng et al. [62] LFP 1.06 280 25, 40, and 55 50, 60, and 100
Redondo-Iglesias et al. [63] LFP 23 500-800 30, 45, and 60 30, 65, and 100
Jaguemont et al. [58] LFP 100 400 -20 50
Naumann et al. [67] LFP 2.3 810 0, 25, 40, and 60 0to 100
Ecker et al. [28] NMC 6 420 25, 35,50, and 65 20, 50, 80, and 100
Schmalstieg et al. [60] NMC 2.05 330-520 35,40, and 50 0,10, 20, 39(()),, Sa(r){dég,Sm/ 80, 85,
Su et al. [66] NMC 3 240 45, 53, and 60 40, 60, 80, and 95
Hoog et al. [61] NMC 20 470 25, 35, and 45 20 to 80
Krupp et al. [46] NMC 64 450 23 and 40 50, 70, and 90
Werner et al. [38] NCA 32 590 40, 50, and 60 20, 35, 50, 65, 80, 90, and 100
Wildfeuer et al. [56] NCA 2.5 697 20, 35, 50, and 60 10, 50, 70, and 100
Maures et al. [59] NCA 25 200-300 —20, 25, and 55 95
Xu et al. [68] LMO 1.1 1800-3600 15, 25, 35, 45, and 55 60, 80, and 100

High temperatures harm cell lifespan universally, though certain chemistries may be
more temperature-sensitive than others. For instance, the NMC + LMO mixture shows a
significant increase in degradation rates at temperatures between 40 °C and 60 °C, particu-
larly at a high SoC [39,69]. In contrast, NCA chemistry experiences only a minor change
in degradation rates across the same temperature range [38]. The effect of temperature
on LMO chemistry is similar to that of the NMC + LMO mixture, but pure LMO cells
showed less aging effects compared to the blended NMC + LMO cells [47,72]. On the other
hand, cells containing NMC, on their own, have poor high-temperature performance and
are susceptible to rapid degradation. High temperatures have a larger impact on aging
in LCO cells, followed by NMC, NCA, LMO cells, and to a lesser extent, LFP and LTO
cells [28,60,73].

Based on research studies in the literature mentioned earlier, Figure 3 displays experi-
mental measurements of the 200-day capacity degradation of different li-ion battery chemicals
under varying storage conditions of 25 °C and 60 °C temperatures [38,46,54,61,66,68,69,73,75].
This graph specifically represents the performance of the batteries discussed in the refer-
enced studies. While there are numerous variations in battery chemistries, the graph is
intended to provide an example overview and offer insight into the comparative character-
istics of these chemistries. Figure 3 clearly shows that various Li-ion chemistries deteriorate
at different rates due to calendar aging. Extreme conditions, such as a 100% SoC and higher
temperatures (60 °C), lead to higher capacity loss and increased internal resistance in most
cases. Generally, calendar aging has more severe effects on Li-ions stored at 60 °C than
those stored at 25 °C.
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Figure 3. Capacity degradation of seven chemistries over 200 days at storage temperatures (a) 25 °C,
(b) 60 °C, and at 100% SoC conditions in studies in the literature, Refs. [38,46,54,61,66,68,69,73,75].

Battery lifetime also decreases at low temperatures similar to high temperatures where
significant deterioration in battery structure observed in both cases [14]. Decreased cycle
life due to ambient conditions is one of the major issues that has prevented the widespread
adoption of electric vehicles in cold climate regions. Low temperatures can cause a loss
of active material, and the ability of the active material within the battery to participate
in chemical reactions and facilitate the movement of ions (diffusion) becomes restricted.
Additionally, the intercalation potential of graphite material becomes more similar to that
of metallic lithium, which can lead to the occurrence of metallic lithium plating [59,67,76].
Particularly for LFP and NMC cells, aggressive capacity degradation was observed in the
low-temperature field. LTO cells, on the other hand, are less sensitive to low and high
storage temperatures than NMC, LCO, LFP, and NCA cells. Among them, LCO batteries
seems to be the most sensitive to low temperature and SoC changes compared to other
batteries [73].

Cells stored at the same temperature age at different rates in various SoCs. Battery
degradation can occur at high SoC levels, specifically at SoC levels above 80%. This is
caused by an imbalance of ions and electrons across the electrodes and electrolyte, which
can lead to a potential difference within the battery. This potential disequilibrium can
promote side chemical reactions, resulting in battery degradation. Additionally, batteries
are chemically stressed when they are maintained at a high SoC, causing degradation of
the electrode materials over time [60,65-69,72,77]. During calendar aging, the accelerated
aging tests focused on examining how temperature and the SoC affect cell performance in
terms of capacity degradation [53,55,60,72]. The results showed that high SoC values not
only speed up the aging process, but also capacity degradation effects are non-linear over
time. Additionally, it was observed from the literature that the degradation rate remains
relatively constant in the mid-SoC range [67,72].
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The aging rate in NMC cells was found to increase at a 100% SoC, while NCA cells
experienced an aging rate increase at SoC values above 90% [46,61,72]. Aging in LFP
cells, on the other hand, is affected by SoC but not as significantly as in NMC and NCA
cells [47]. In contrast, LCO chemistry degrades rapidly when the cell is charged and kept at
a temperature of 40-50 °C. However, reducing the SoC slightly can significantly reduce
the degradation rate. Comparing these results with LFP degradation rates, it is evident
that LFP chemistry has a slightly lower degradation rate under the same conditions (high
temperature and SoC). However, the degradation rate remains fairly constant despite
changes in SoCs at a given temperature. Therefore, it can be concluded that temperature
has a greater impact on degradation within LFP cells [52,62,75]. There is not as much of the
literature available on the calendar aging of LTO-based cells compared to other types of
batteries. However, it is understood that cells with LTO are less affected by temperature
and the SoC than NMC and NCA cells. It is worth noting that LTO cells tend to degrade
more quickly at a low SoC compared to a high SoC. This tendency could be due to the
depletion of limited lithium inventory, particularly at low potentials [73].

In addition, when examining battery aging, larger lithium-ion cells may have different
performance and aging patterns compared to smaller ones, even if they have the same
cell chemistry. These distinctions stem from variations in factors like current density,
design, geometry, temperature distribution characteristics (hot spot formation due to
area/volume ratio variation), and the electrochemical reaction rate affected by design and
spatial irregularities in electrical potential. For instance, in two studies conducted under
similar conditions [54,55], the relative capacity of the 15 Ah LFP cell was 0.55 under 250-day
65 °C and 100% SoC storage conditions, while it was 0.68 for the 8 Ah capacity LFP cell.

2.2. Evaluation of Empirical/Semi-Empirical Calendar Aging Models

There are various mathematical models in the literature for predicting battery calendar
aging, based on empirical evidence. These models can be divided into two categories:
empirical and semi-empirical. An empirical formula is a mathematical expression or curve
that best fits observations or measurements. However, they require experimental data and
are only valid for specific operating conditions. This requirement can make it challenging
to predict outcomes beyond the range of experimentation. Semi-empirical models, on the
other hand, use a combination of theory and experimental data. For instance, if a theory
predicts a linear relationship, the best linear relationship is found from the available data,
even if the best fit curve is non-linear [38,39]. This study includes both empirical and
semi-empirical models, with a greater emphasis on the latter, to improve understanding
of semi-empirical studies. We will explore and elucidate the intricacies of these studies to
ensure a comprehensive understanding of their methodologies.

A commonly used semi-empirical model, which follows the Arrhenius equation, has
been extensively used in various studies to describe capacity degradation while in storage.
As a result of the influence of storage temperature (T) on physical reactions, battery SEI
growth can be elucidated through the Arrhenius law. This approach correlates temperature
with chemical reaction rate. The literature shows that the Arrhenius equation agrees with
aging rates, especially for calendar aging [39]:

Qioss = A x e R (1)

In this equation, A represents the exponential factor, E, represents the activation
energy, R is the gas constant, T is the absolute temperature, and t represents time. SEI
growth in lithium-ion batteries is often presumed to increase proportionally with the
square root of time, aligning with basic models of diffusion-limited surface layer expansion.
Therefore, z is typically assumed to be 0.5 [78,79].

To account for the effect of the SoC on calendar aging, some experimental studies
incorporated the Arrhenius law by considering the correlation between temperature and
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the SoC. According to Arrhenius’s law, the degradation in calendar capacity can finally be
expressed in a specific semi-empirical form as follows [38,47,52,61]:

Qloss = £(T, SoC, t) ()
Ea(SoC)
Qioss = A(SoC) x e™ " RT x t* 3)

Both the exponential term A(SoC) and the activation energy E, (SoC) in
Equations (2) and (3) are SoC dependence terms. Recognizing that the effects of stor-
age SoC on parasitic chemical reactions can lead to capacity degradation, studies have
revealed both linear and exponential dependencies of the SoC [38,47,61,66,67]. These mod-
els establish mathematical relationships between capacity loss, temperature, and the SoC
for the calendar life model. In a model created by Sarasketa-Zabala et al. [52], calendar
aging is modeled as exponentially dependent on SoC, where T refers to the storage temper-
ature, and t represents the storage time in days. The model’s predictions closely matched
the experimental results, with the model’s error consistently below 1% during the entire
experimental period. Hoog et al. [61] combined both empirical and semi-empirical models.
The Arrhenius law establishes the correlation between temperature and calendar aging,
whereas a linear empirical model is established for the SoC relation. The parameters a; b; c;
and d in the formula are fitting parameters. In addition, Eddahech et al. [47] modeled SoC
dependence as a polynomial function, accounting for the interdependence of temperature
and the SoC through multiplication. The parameters a;_3; bi_3; ¢; and d in the formula are
fitting parameters.

Another study [63] argued that the SoC drifts over time due to reversible and irre-
versible capacity losses (Qgsq and Q). The SoC is determined by the ratio of the amount
of load (Q,) available at a specific time (t) and the total capacity (Q). The aging model is
based on Eyring’s law by taking the pair (T, Q,) as aging accelerating factors. While the
prediction error of the model with SoC values as constant is 4.8%, the prediction error of
the model with the SoC change taken into account is 2%.

In another study [38], a semi-empirical model that combines an exponential and a
linear function following the Arrhenius law agrees well with measurements for all SoCs and
temperatures. It was suggested that it reflects the aging process better than the commonly
used square root dependence of time. The square root function tends to overestimate the
capacity degradation at the beginning of aging and underestimate aging in the later period,
especially when extrapolated.

In the literature, capacity loss models are typically represented as cumulative data
extracted from experiments conducted under constant stress conditions (such as tempera-
ture and the SoC). However, in real-world scenarios such as electric transportation, stress
conditions vary over time. In this reason, unlike other semi-empirical models, models based
on the degradation rate were developed that take into account the capacity degradation
over time [54,66,67], which are rooted from a simple empirical expression (4) to predict
degradation under conditions of unstable stress levels.

—o(T)
del;)ss _ k(T, SOC) « (1 + Qloss(t>> (4)

nom

where k(T,SoC) represents the capacity degradation evolution during storage with the
effects of temperature and the SoC. Qjpes(t)/Cnom is the fractional capacity degradation
at aging time t. In the model documented in Grolleu et al. [54], the parameter k(T,SoC)
demonstrates an exponential growth in response to temperature variations while concur-
rently exhibiting a linear relationship with the SoC. Su et al. [66] described the effect of
temperature and the SoC on the k(T,SoC) parameter using a quadratic polynomial. This
model accurately predicted capacity degradation with maximum errors of 1% for 240-day
static storage and 3% for 180-day non-static storage.
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Naumann et al. [67] developed a model for dynamic conditions that takes into account
capacity degradation over time. After the aging model was developed, a differential form of
the aging model was derived by differentiating the model concerning time to apply model
equations with changing temperatures or SoCs over time. Temperature effect K(T,50C)
is governed by the Arrhenius law, while the SoC effect is governed by a cubic function.
The model demonstrated absolute errors consistently below 2.2% against validation data
points. These studies demonstrate that models can be developed with minimal errors under
dynamic as well as static conditions.

In their research, Ecker et al. [28] compared various empirical model equations and
concluded that their measurement data have little to no linear component. As a result, they
chose to use a semi-empirical model due to its low root-mean-square-error (RMSE) and
smaller number of coefficients for capacity, ohmic resistance, and polarization resistance.
Their model uses the parameters of temperature, aging period, and potential, which is
related to the SoC of the cell, which is as follows:

L(T,V,t)

e =1+ B(T 05
L(To, Vo, to) TBLV) x cat ©

The coefficient “c,” is utilized to gauge the rate at which capacity losses occur under
reference conditions Ty, ty, and Vy. The value of L(T, V, t) provides an estimation of
the resistance or capacitance at a particular time t with temperature T and voltage V.
Furthermore, the effects of temperature and storage voltage are calculated according to an
exponential dependence (6):

T-T,

V-Vp 0
B(V,T) =Cy &V x Cp ar (6)

The reference temperature and voltage are represented by Ty and V), respectively. Dt
and Dy were set at 10 °C and 0.1 V, respectively, in their study based on arbitrary values.
The proposed law (6) utilizes ct and cy parameters, which are determined by analyzing the
results of accelerated calendar aging tests. It is assumed that the degradation rates were
1/2 dependent on time, based on their data.

Similarly, Schmalstieg et al. [60] takes a comparable approach, utilizing the Arrhenius
equation to account for temperature dependency of aging and a linear relationship to
describe voltage dependency. However, they use a modified version of the square root
with an exponent of 0.75 to account for time dependency.

The models used in electric vehicle batteries discussed above are summarized in
Table 2, highlighting their key elements. These models vary in the stressors they consider,
such as time, storage temperature, the SoC, and in the outcomes of the aging type they
examine. It should be noted that empirical and semi-empirical methods measure a battery’s
available capacity under reference conditions throughout its lifespan, eliminating variations
in the available capacity caused by various operating conditions.

Table 2. Overview of semi-empirical/empirical calendar aging model equations reported in the literature.

Source Model Cases Type of Result (%) Model Equation Model Parameters Model Error (%)
Wang et al. [39] SEM Capacity Loss A x e R 05 Temperature and time 5%
Redondo-Iglesias et al. [63] SEM Capacity Loss A x ePSoC e M x t2 Temperature, SoC shift, and time Max. Error 2
A T
Sarasketa-Zabala et al. [52] SEM Capacity Loss X b x exp(c Ug * Temperature, SoC, and time 0.9%
exp(dSoC) x t*
, Remainin, (1S0C 4+ axT+a3T x SoC) x .
Eddahech et al. [47] EM Capacityg alby SoC+b3T+b3T50C) x1 | gl Temperature, SoC, and time -
Remaining 1+a(SoC,T) x
Werner et al. [38] SEM Capacity (exp(—b(SoC, T) x t) — 1) Temperature, SoC, and time RMSE 0.12-0.15
t

+¢(SoC, T) x
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Table 2. Cont.
Source Model Cases Type of Result (%) Model Equation Model Parameters Model Error (%)
E
Axe R 7/ (a, T2 x
Hoog et al. [61] SEM-EM Capacity Loss asth1 02 xby 5 goCe1 ¥ T2 ) Temperature, SoC, and time RMSE 5
+(d1 x T% x dj x SoC x t)
ka x exp{fEaTA(% — Tlf)} x SoC
Tel
Grolleu et al. [54] SEM Capacity Loss +kp ¥ exp{ - E% (% - ﬁ) } Temperature, SoC, and time 3-4%
Qoss () M
x(1+ Qeslt)
b 4 o(L39) e
ini " 0612 . N
Su et al. [66] SEM Remaining +e(206506)7 4 fI-323 5 50C-06 Temperature, SoC, and time 3%
Capacity A
14 Qoss(®)) ~0XP(F)
x ( + Cnom )
Kref,Qloss %
Ean
N 1. [67] SEM Capacity L eXP{? ROSS(%iT’le‘)} T So0C, and ti 2.2%
aumann et al. apacity Loss emperature, SoC, and time 2%
pacity x (CQIDSS(SOC —05)° + d@oss) P
-1
X (2 \/t>
Ecker et al. [28] SEM Remaining 14C, xC %Q C %Q Vi Temperature, voltage, and time 0.7-1%
’ Capacity +C x Gy x Cr XVt p 4 ge, .
ini 1—(C,;V—Cyo) x 10° x
Schmalstieg et al. [60] SEM Rgmam_mg (€ c ) Temperature, voltage, and time 1.2-1.7%
apacity exp(— S ) « {075

3. Cyclic Aging

Battery cyclic aging in electric vehicles is a critical consideration in their long-term
performance and reliability. Cycling corresponds to the irreversible capacity degradation
that occurs during the charging and discharging of a battery. In addition to temperature
and the SoC, various other stress factors become pertinent during cycling, including the
rate of discharge or charge, often referred to as the C-rate, and the SoC ranges (ASoC)
throughout a cycle [80-82]. The ASoC represents the degree of variation in SoC experienced
during a single cycle. This section aims to explore various studies in the literature that have
produced noteworthy findings on the subject of battery cycling aging.

Han et al. [16] tested different cell types, subjecting them to charging and discharging
cycles at different temperatures. They found that while the LTO/NMC cell showed minimal
capacity loss and negative electrode material degradation, there was noticeable loss of NMC
positive electrode material. LMO and LFP cells experienced lithium inventory and negative
electrode material loss, with LFP cells losing 20% capacity in 200-300 cycles and LMO cells
showing decline around 420 cycles. Yang et al. [83] explored the impact of temperature
differences among parallel-connected cells on unbalanced discharging and aging using LFP
cells. Using the Arrhenius approach, they estimated capacity degradation. Their findings
suggest that minimizing temperature differences among cells in parallel connection is
essential for extending battery life, as increased temperature differences correlate with
increased capacity loss. Baghdadi et al. [84] conducted a cycling study on LMO + NMC
and NCA cells, considering temperature, the SoC, and current effects on aging. They
used a chemical ratio approach based on the Dakin degradation model and found that
aging rate increases exponentially with a higher SoC, temperature, and current [85]. Lower
temperatures accelerated overall aging, with a significant increase in aging rate observed
between —5 °C to 25 °C and 25 °C to 60 °C ranges. Hoog et al. [61] documented a lifetime
model for an NMC cell for the automotive industry. The paper highlights that capacity loss
was notably affected by a 100% DoD and temperature in cycling aging experiments.

Wu et al. [86] studied the impact of low temperatures and cycling charging on bat-
tery degradation using 5 Ah LFP batteries. They found significant degradation of up to
35% at temperatures of —10 °C and —20 °C, where lithium-ion losses transformed into
lithium plating, forming dendrites that increased ohmic resistance and decreased capacity.
Burow et al. [87] investigated the aging of 25 Ah prismatic NMC Li-ion cells at low tem-
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peratures (5-20 °C), observing capacity loss after the 200th cycle. Post-mortem analysis
revealed that primary aging was due to lithium plating, with non-homogeneous distortion
observed at the negative electrode.

In another study conducted at low temperatures, Rauhala et al. [88] explored chal-
lenges in deploying large lithium-ion battery systems in cold climates, focusing on the
reduced cycle life of LFP cells at low temperatures. Their findings suggested that at 0 °C,
both lithium plating and SEI growth were observed on the graphite electrode, whereas
only lithium plating occurred at —18 °C.

Todeschini et al. [89] developed a capacity degradation model for LFP batteries, val-
idated through experiments. They observed significant aging at a 0-30% SoC and eight
C-rate, with capacity decreasing to 80% after 4000 cycles. They proposed a semi-empirical
model linking the SoC and C-rate to predict capacity degradation, with an average error
rate of 0.24% compared to experimental data. Cordoba-Arenas et al. developed [90] a
semi-empirical cycle life model for 15 Ah LMO + NMC cells based on insights gained
from 16 cycling experiments conducted over 3 months. They varied minimum SoC levels,
while considering charge sustaining/depleting ratios. Plug-in Hybrid Electric Vehicles
(PHEVs) can operate in two modes according to the United States Advanced Battery
Consortium (USABC): Charge-Depleting (CD) and Charge-Sustaining (CS). They distin-
guished between Charge-Depleting (CD) and Charge-Sustaining (CS) modes. The CD
mode drains the battery from maximum to minimum SoC for electric and hybrid driving,
while the CS mode maintains a stable SoC range for hybrid operation. Results showed that
capacity degradation rate increased with higher minimum SoC values, especially when
exceeding 35%.

Lithium-ion batteries are used in various applications for energy storage and may not
always experience complete charging and discharging cycles. Saxena et al. [91] studied
the impact of partial charge—discharge cycles on capacity loss in 1.5 Ah LCO pouch cells.
The study uses equivalent full cycles (EFCs) to evaluate cycle life performance due to
incomplete cycles caused by partial SoC intervals in cells. Findings revealed that average
SoC values during the initial 500 full cycles significantly influenced cell disruption, while
ASoC intervals between 600 and 800 cycles had a greater impact on degradation. Then,
they developed a model of battery degradation based on partial and full charge cycles.
The model describing this degradation is based on the power law model [92,93], which is
compatible for the full number of cycles in the first 500 cycles. In another study using EFCs,
Gao et al. [94] performed experiments at various SoC ranges and identified lithium loss
as the primary aging mechanism in batteries below 20% DoD. Also, Gantenbein et al. [95]
performed cycling experiments at various SoC ranges, primarily with NCA cells, and the
65-85% SoC range showed maximum capacity and active lithium-ion loss.

Wikner and Thiringer [96] investigated the impact of aging at different SoC levels
in electric vehicle 26 Ah LMO + NMC cells over three years. They varied SoCs at 10%
intervals, different temperatures, and C-rates, developing an empirical battery model based
on observed degradation. Their findings highlighted that reducing the SoC to 50% could
increase battery lifetime by a range of 44-130%, especially for high SoCs and discrete driving
types. Batteries with high SoCs and various C-rates experience accelerated aging relative to
high C-rates for a given SoC. Benavente-Araoz et al. [97] conducted comprehensive aging
tests on NCA lithium-ion cylindrical cells, varying cut-off voltages, and SoC ranges over
multiple cycles. They found that high cut-off voltages and a wide ASoC (20% to 95%) led
to severe material degradation and electrode shift, while high cut-off voltage with a narrow
ASoC (65% to 95%) caused greater electrode degradation but minimal cell unbalance.

Preger et al. [98] conducted a multi-year cycling investigation involving LFP, NCA,
and NMC cells at various SoC values, temperatures, and C-rates. They found that NCA
and NMC cells experienced more pronounced capacity degradation as they transitioned
from partial to complete SoC, attributed to their higher operating voltages promoting
electrolyte oxidation. NCA and NMC cells also exhibited rapid capacity degradation when
operated at 100% SoC, while LFP cells demonstrated significantly longer cycle life spans
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under tested conditions. Naumann et al. [99] conducted a 29-month study on cycling aging
of lithium-ion cells, focusing on 2.85 Ah LFP cells under different conditions including
temperature, C-rate, depth of cycle (DoC), and SoCmean. They found that capacity loss was
strongly affected by the DoC and SoC, with a lower DoC initially leading to higher rates of
capacity degradation. A larger DoC led to higher ultimate capacity losses at higher cycle
numbers, as expected. A semi-empirical model was developed based on the static cycle
aging study to predict capacity loss for the influence of C-rate, DoCs, and Ah-throughput.

Wang et al. [92] developed a cycle-life model to study capacity degradation in LFP
batteries. They conducted extensive cycle tests exceeding 2000 cycles on 2.2 Ah LFP cells,
varying temperatures, DoDs, and discharge rate. Results showed that at higher C-rates,
the impact of charge/discharge rates became more significant, with noticeable cell heating
observed during cycles involving high discharge rates. In another study conducted by
Wang et al., they focused on tests related to the aging cycle of NMC + LMO cells [39]. Lower
temperatures and higher C-rates were found to increase mechanical breakdown and cycle
life loss in the experiments. Their results are shown in Figure 4. Two cells were tested under
each set of conditions, which included four different temperatures (10 °C, 22 °C, 34 °C, and
46 °C), five DoD levels (90%, 70%, 50%, 30%, and 10%), and five discharge rates (C/2,2 C,
3.5C,5C,and 6.5 C). A 1 C discharge rate corresponds to a current of 1.5 A. For all the cells,
the cycle test cut-off voltages were set at 4.2 V and 2.5 V. At 10 °C, capacity degradations
notably occurred with C-rate, while the difference in capacity between temperatures of
34 °C and 43 °C diminished, indicating reduced C-rate dependence. This dependence is
attributed to induced voltages during fast discharge at the negative graphite electrode,
particularly when lithium diffusion kinetics are inhibited at low temperatures. Similarly,
Omar et al. [75] conducted experiments on 2.3 Ah LFP batteries to study cycle aging
under various conditions, including different current rates, operating temperatures, and
discharge depths up to 3000 cycles. They found that higher current rates, especially at 15 C,
significantly limited the battery’s cycle life to only 560 cycles.

Sarasketa-Zabala et al. [100] performed cyclic tests on 2.3 Ah LFP cells, examining
various C-rates and DoD values while developing a semi-empirical model. They found that
static cycling had a greater impact on cell behavior than dynamic operation. When cycling
at a low 10% depth of discharge, the duration of cycling (measured in Ah-throughput)
emerged as a more influential factor than the C-rate. Interestingly, at a low 10% DoD, the
duration of cycling was more influential than the C-rate, while at a 60% DoD, the C-rate’s
influence increased, contrary to conventional theory. Groot et al. [101] conducted a compre-
hensive study on the cycle life of LFP cells, examining various charging and discharging
C-rates. Their research aimed to quantify aging in terms of capacity loss under conditions
typical of high-power automotive applications. They found that faster degradation oc-
curred when cells underwent fast charging coupled with slow discharging compared to
symmetric cycling. Wu et al. [102] investigated battery aging in 5 Ah LCO + NCA pouch
cells, focusing on discharge rates (1 C, 2 C, 3 C) and temperatures (10 °C, 25 °C, 40 °C).
Their study revealed higher sensitivity to low temperatures but lower sensitivity to dis-
charge rates compared to prior research. Sensitivity to low temperature is due to positive
electrode deterioration. Despite high discharge rates up to 5 C, these cells could endure
3000-5000 cycles before experiencing a 20% capacity degradation, suggesting efficient
capacity utilization due to reduced thermal and mechanical stress in their geometry.

Petit et al. [103] developed an experimental cyclic capacity model for 2.3 Ah NCA and
LFP cells, considering factors like temperature and current for cycling aging. In addition to
other studies, they observed that prolonged exposure of batteries to a high SoC resulting
from fast charging also increases capacity loss. Their study showed that NCA batteries
were more susceptible to cyclic aging and aged earlier under high charge rates compared
to LFP batteries.
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Figure 4. In the study conducted by Wang et al. cycling capacity loss at different temperatures (10 °C,
34 °C, and 46 °C, respectively) for different discharge rates (0.5C,2C,3.5C,5C, 6.5 C) [39].

Barcellona and Piegari [104] analyzed the aging of 10 Ah LCO Peltier cells, concerning
cycling aging’s dependency on the current rate. Their findings suggested that capacity
degradation remains independent of the current rate for moderate rates (up to 5 C) and ini-
tial capacities of up to 95%, provided that the battery temperature is within the appropriate
range and the cell avoids excessive voltage stress. Saldana et al. [105] investigated a 63 Ah
NMC battery cell in a commercial electric vehicle and presented a simple but realistic degra-
dation model. Their findings emphasized that, besides temperature, the C rate exerted the
most substantial influence on battery degradation, while the DoD showed a linear relation-
ship with degradation, particularly concerning capacity loss. Krupp et al. [106] introduced
a semi-empirical cyclic battery aging model focusing on graphite negative electrode mech-
anisms like SEI cracking and active material cracking. The model distinguishes between
aging mechanisms, showing negligible current rate dependence on SEI growth but strong
dependence on active material cracking. The total capacity loss predicted by the model is
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lower than the actual measured data from the dynamically cycled cell, with a mean average
deviation of 0.2%. Kucinskis et al. [107] tested various battery cells (NCA + LNO and
NMC) and electrode materials, using Arrhenius plots to identify crossover temperatures
indicating shifts in aging mechanisms. Higher charging rates generally increased crossover
temperatures, while electrode characteristics showed complex correlations with aging
behavior. Thinner electrodes with smaller particles exhibited lower crossover temperatures,
suggesting reduced susceptibility to lithium deposition, especially in high-power cells.

Cycling lithium-ion batteries causes capacity degradation and changes in the open-
circuit voltage curve due to the loss of LAM and LLI. Karger et al. [108] devised an
empirical calendar aging model addressing capacity degradation and open-circuit voltage
curve changes in cycling lithium-ion batteries. Using data from 2.0 Ah NCA batteries,
they identified stress parameters leading to active material and loss of lithium inventory.
The model greatly improves OCV curve predictions, increasing voltage accuracy eightfold
compared to non-updated curves.

3.1. Evaluation of Empirical Cyclic Aging Studies

Cyclic aging in EVs refers to the gradual deterioration of the batteries over time due
to repeated charge and discharge cycles. Cycling aging impacts several critical param-
eters, including capacity, voltage, internal resistance, state of charge range, and overall
performance. Over time, the battery’s ability to store energy diminishes, reducing the
driving range and affecting power delivery. Internal resistance increases, slowing down
charging and decreasing efficiency. This phenomenon is primarily associated with the
use of lithium-ion batteries, which are common in EVs, and several parameters influence
cycling aging. The primary factors include the number of charge and discharge cycles that
the battery undergoes, the range of the SoC during these cycles, the operating temperature,
and the charging and discharging rates. The cumulative effect of these factors leads to
capacity degradation, where the battery can store less energy over time, reducing the EV’s
driving range. As detailed in Section 3, various experimental studies in the literature have
explored the impact of these parameters on cycling aging behavior. Cycling aging behaviors
can be interpreted differently depending on the parameters studied. For example, while
some studies investigate the impact of combining temperature and the SoC, other studies
propose correlations between aging and the combination of temperature and C-rate. In
order to provide a comprehensive overview of the research conducted, a summary of the
examined studies has been meticulously compiled in Table 3.

Battery cycle aging can occur during both charging and discharging. It is caused by
various factors such as the battery’s capacity, usage patterns, temperature conditions, and
current demands. Additionally, the factors mentioned in calendar aging also apply to
studies of cyclic aging, as they have a similar impact on battery performance. These aging
phenomena occur during both batteries are in use and at rest; thus, this article will delve
deeper into the C-rate and ASoC (or SOCmean) factors that contribute to cycling aging, in
addition to the factors already discussed in calendar aging.

The factors that contribute to cycling aging are dependent on the usage mode of the
battery. One of the most commonly cited factors in research is the ASoC, which reflects
the changes in the load state during a cycle. This factor primarily takes into account the
amount of charge that the battery receives (or discharges) during a cycle. Studies showed
that high ASoC values lead to accelerated capacity loss, regardless of other conditions. This
outcome is mainly due to the degradation of the positive electrode and the development of
the SEI caused by high discharge or charge [95,96].
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Table 3. Overview of cycling aging for EVs studies reported in the literature, with study conditions

and experimental data.

. Parameters
Study Chemistry Capacity Nuén bfr of EFC
(Ah) ycle Temp. (°C) ASoC (%) DoD (%) C-Rate (C)
. LTO + NMC, 20, 35, and
Han et al. [16] LMO and LEP 10,60 and 11 1000 - 5and 45 - - 1.5
2500-9000
LFP, NCA, and 1.1,3.2, and 4 40-60, 20-80, 0-100, 20-80,
Preger et al. [98] NMC 3 - 250-1500, and 15, 25, and 35 and 0-100 and 40-60 0.5,1,2,and 3
200-2500
Petit et al. [103] NCA and LFP 7 and 2.3 4000 - 5-30 - - 0.16-4 C
Baghdadi LMO + NMC
etal. [84] and NCA 5.3and 7 - - 40, 45, and 50 20, 30, and 40 - land 2
, 10,22, 34, and 05,2,35,5,
Wang et al. [39] LMO + NMC 1.5 2000-5000 16 - 10 and 6.5
0-10, 0-30,
Wikner and 10-20, 20-30, 10, 20, 30, 40,
Thiringer [96] LMO + NMC 26 - 2000-10,000 25 and 35 40-50, 60-70, 50, 60, 70, 80, 1,2,and 4
8 70-80, and and 90
80-90
Cordoba-Arenas 1 \16 , e 15 - - 10,30,and 45 25,35, and 45 - 0.33,0.75, and
etal. [90] 5C
WuXao NCA +LCO 5 - 3000-6000 10, 25, and 40 50 - 1,2,and 3
etal. [102]
Kucinskis NCA + LNO
etal. [107] and NMC 5and 0.1 50-662 - —15-60 - - 0.2,0.4,and 0.6
Yang et al. [83] LFP 22 1000 - 25 and 40 - 75 3C
Wu et al. [86] LFP 2.3 40-100 - —10 and —20 0-100% - 0.3-0.5
Rauhala
ctal. [85] LFP . . ~18,0,and 25 - . 1
Todeschini
LFP 2.3 4000-14,000 - 55 0-10 and 0-30 - 2,4,and 8
etal. [89]
Wang et al. [92] LFP 22 0-10,000 - 0,15, gg’ and - 10-90 05,2, 6,and 10
—18,0, 25, and 20, 40, 60, 80,
Omar et al. [75] LFP 2.3 1500-3000 - 40 - and 100 1,5,10,and 15
Sarasketa-Zabala 5,10, 30, 50, 60,
etal. [100] LFP 2.3 - 2000-6000 30 50 and 100 1,2,and 3.5
Groot et al. [101] LFP 2.3 600-4800 - 23-53 60-100 60 and 90 1-4
Nauntgf)‘]“ etal LFP 2.85 - 2000-14,000 25 and 40 25,50, and 75 - 02,05,and 1
Hoog et al. [61] NMC 20 3000 - 25,35, and 45 35, 50’8%5’ and 20-100 0.33,1,and 2
Burow et al. [87] NMC 25 500 - 5and 20 0-100 - 1
0-20, 2040,
) 40-60, 60-80,
Gao etal. [94] NMC 8 - 2800-3400 25 8-100, and 20 6
0-100
Saldana 20, 40, 60, and 0.3786, 0.4812,
etal. [105] NMC 63 1800 ) 25and 45 . 80 and 0.6710
Krupp et al. [106] NMC 64 - 800 23 50,70, and 90 0-100 2
Gantenbein 5-25, 2545,
etal. [95] NCA 2.6 4000 - 25 45-65, 65-85, 20 1
T and 75-95
Benavente-Araoz 65-95, 35-65,
NCA 25 700-1000 - 25 20-50, and - 0.1
etal. [97] 20-95
Karger et al. 5,20, 35, and
[108] NCA 2.0 - 2500 50 - 20-100 0.5-2
0-100, 20-80,
Saxena et al. [91] LCO 1.5 - 800 25 40-60, 40-100, - 0.5 and 2
and 0-60
Barcellona and LCO 10 - - 20-30 20-80 - 0.8,2.5,and 5

Piegari [104]
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Studies showed that the lowest cycling aging occurs at a SOCmean of around 50%,
which is within a 40-60% ASoC. On the other hand, the highest cyclic aging occurs at
a S0Cmean Of 95%, which is within a 90-100% ASoC. The impact of the SoC may vary
depending on the different stages of lithiation of the graphite negative electrode. When
the graphite negative electrode charges, it expands in volume, and when it discharges,
it retracts. This expansion and retraction are more noticeable during the switching of
lithiation stages. Cycling between these stages can lead to an increased particle cracking
and the formation of a new SEI. Furthermore, in every SoC range, Li-ion loss occurs due to
the dominant aging mechanism [97].

At higher ASoC levels, LMO cells experience an accelerated aging process. In batteries
featuring a graphite negative electrode, Mn?* ions may migrate towards the negative
electrode and undergo reduction on its surface, as the graphite negative electrode has a low
potential. These ions catalyze the thickening of the SEI film, which causes a reduction in
battery capacity and an increase in resistance [16,96,109]. Studies on cycling aging showed
that NMC and NCA cells are more susceptible to SoC range cycling compared to LFP
cells [94,95,98,99]. LTO chemistry is also more resistant to calendar aging than other battery
chemistries when the state of charge is kept at medium to high levels [16]. LCO cells
degrade rapidly at high SoCs and temperatures of 40-50 °C, with SoC changes having the
biggest impact for degradation.

One factor that affects the lifespan of a lithium-ion battery and its functionality is
the rate of charge and discharge it undergoes over time. The main cause of aging from
this factor is positive electrode degradation and the development of an SEI due to high
discharge or charge. Secondly, the increased stress on the battery’s materials, particularly
the electrode materials, can lead to mechanical wear and tear, further deteriorating the
battery’s performance over time. Inferences regarding C-rate-dependent degradation can
be interpreted from many studies with different chemistries. One type of battery, LFP cells,
are known for their capacity to handle high amounts of power but also the literature shows
that LMO cells have a longer life than LFP cells, which is consistent with the observed
cycling trends [92]. The aging process of LMO cells is sped up when they are discharged to
a lower potential at high rates. This process happens because LMO cells typically exhibit
faster lithium-ion diffusion rates during discharge compared to LFP cells, which contributes
to their higher power capability [39]. Li-ion cells that use LTO negative electrodes have
the ability to sustain extremely high C-rates with minimal degradation. This is primarily
because LTO is a ‘zero-strain” material, meaning it undergoes negligible volume change
during charging and discharging cycles. Unlike other negative electrode materials that
expand and contract during these cycles, LTO remains structurally stable, which contributes
to its longevity and durability. This stability comes at the cost of lower energy density due
to their higher potential. Additionally, studies showed that NCA cells are more susceptible
to aging under high C-rates. However, when conducting cyclic aging tests, it is important
to consider the impact of energy density on the C-rate. The most suitable cell chemistries
for applications requiring high C-rates at room temperature are LFP and NMC, followed
by LTO, NCA, and LCO cells [89,91,104,105].

To properly explain how the C-rate affects battery performance, it is important to
distinguish between temperatures above and below the desired temperature range. In one
study [102], it was found that increasing the C-rate from 0.5 C to 2 C had little effect at 40 °C
but had a noticeable effect at 25 °C, indicating that temperature affects C-rate. The authors
suggested that the higher reaction rate and ion diffusion kinetics at these temperatures
may decrease the stress caused by the increased C-rate. When the temperature is lower,
the conductivity of ions and the rate of intercalation decrease. On the other hand, a
higher C-rate leads to faster diffusion kinetics and, therefore, higher current density. This
increase means that at lower temperatures, the harmful effects of an increased C rate are
accelerated, leading to more mechanical and kinetic stress on the electrodes and a greater
polarization gradient. This outcome can ultimately result in lithium plating. However,
even at higher temperatures, the C-rate can still cause structural damage, such as crack
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propagation in the SEI layer, overloading of the positive electrode resulting from the
increased polarization gradient, or the exfoliation of graphite at the negative electrode and
positive electrode [27,110]. The authors suggested that the higher reaction rate and ion
diffusion kinetics at these temperatures may decrease the stress caused by the increased
C-rate.

The graph presented in Figure 5 depicts the capacity degradation versus significant
interactions for three specific chemistries tested at 200 EFC [98]. It is important to note that
different chemistries exhibit varying levels of dependence on different variables, and it
is not advisable to draw general conclusions about variable dependence across different
chemistries. The average % capacity refers to the average value for all cells under specified
conditions at 200 EFC. Figure 5a illustrates that the capacity degradation is more affected
by the C-rate for NMC and NCA cells compared to LEP cells. On the other hand, Figure 5b
shows that the capacity degradation for NCA and NMC cells is affected similarly by the
SoC spacing, with a 5% to 10% decrease observed at a range of 0% to 100%. However, the
SoC has little effect on the capacity of LFP cells. Moreover, temperature affects the capacity
degradation of NMC and LFP cells in opposite trends, as shown in Figure 5c. NMC cells
show a less systematic trend between 15 and 35 °C.

105
X a)@--@----- ®----- -- b) @--cco-@eeo
> 95 P
£ RIS, L ~ A P ™
S N X _ o
g 85 A--—-A &
8
2 75
s = d= NVC ++osllbers NCA ==pme [FP
S 65
0 1 2 3 0-100 20-80 40-60
Discharge Rates (C) SoC Range (%)
__105
2 €) #==mmeen S
> 9 -
S e JLTIPRTN
& 85 PO ' /, -. 2 :
© 7
2 75 ‘,/
©
S 65

10 15 20 25 30 35 40
Temperature (°C)
Figure 5. Main factors with 3 different battery chemistries ((a) Discharge Rates, (b) SoC Range, and
(c) Temperature plots) for aging model [98].

In summary, cells with different chemistries for calendar and cyclic aging modes
may exhibit divergent susceptibility to stressors affecting aging. Table 4 shows a qualita-
tive comparison of the effects of stressors on different cell chemistries for both types of
aging modes.

Table 4. Effect of stress factors on aging for cell chemistries for both aging modes. (eeee: highest
impact, eee: high impact, ee: medium impact, e: low impact).

Parameter Cell Chemistry
LFP NMC NCA LMO LCO LTO LMO + NMC
Low SoC/ASoC . . . . . oo .
Low C-rate . . . . . ° .
Low Temperature () .o . . . . .
Medium SoC/ASoC . . . . . . .o
Medium C-rate . oo . oo . . o
Medium Temperature . oo . . oo ° .
High SoC/ASoC o ooe ooe ccee eooe oo ooe
High C-rate oo YY) X oo LYY} oo oo
High Temperature oo YY) eoe eoe oo oo
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3.2. Evaluation of Empirical/Semi-Empirical Cycling Aging Models

Semi empirical cell aging models use limited data from cycled and stored cells under
accelerated aging conditions. Cycle aging is more difficult to predict as it involves various
independent variables such as temperature and current voltage. Moreover, these variables
are linked to external conditions and battery usage. The primary factors taken into con-
sideration are temperature, cycle number, ASoC, and C-rate. Cyclical aging models have
varying structures and stressors relative to calendar aging models. Generally, cyclic aging
models utilize either the cumulative charge efficiency (Ah-throughput) or the total number
of equivalent full cycles (EFCs) to represent the battery cycle [105].

The EFC is employed to categorize any cycle or charge/discharge event based on the
charge throughput of a full cycle. Cycle quantity is typically determined by scaling the EFC
of the battery capacity (Q) with the total charge efficiency (Cp,y) in Ah. The EFC is defined
as the number at which the charging efficiency of a cell is twice its rated capacity, as shown
in Equations (7) and (8):

t
Q= /O n(t)|at )
_ Q
EFC = %G (8)

Here, I represents the charge-discharge current. Multiple definitions of Cp,;; exist,
including nominal battery capacity at the beginning of life and present degraded battery
capacity.

The term “Ah-throughput” refers to the amount of Ah that the battery delivers over
multiple cycles. Throughput is often modeled using a power law relationship, similar to
calendar aging (9). Additionally, throughput can also be associated with the number of
cycle parameters (10):

Q = {(SoC, T, DoD, I)Ah* )

Q = £(SoC, T, DoD, I)N* (10)

Ah represents the total amount of energy delivered by the cell, N is the number of
cycles performed, often expressed in terms of depth of discharge. Batteries cycled at higher
DoDs degrade faster and have shorter lifespans. This relationship is often expressed using
a power law model, where the total energy delivered by the battery, the number of cycles,
and the depth of discharge are linked by an exponent ‘z’. Studies modeling the effect
of throughput on cyclic aging often relates Ah* with 0.5 < z < 1, where z is typically
associated with the growth of an SEI layer.

Wang et al. [92] uncovered a power law correlation between battery capacity loss and
charge throughput and developed a cycle life model based on it. Their equation shows that
capacity loss follows a power law relationship with time or load flow, while an Arrhenius
correlation accounts for temperature effects. In addition, it is widely accepted that the
Arrhenius law applies to the effect of temperature on the reaction rate for most chemical
processes for cycling aging, just as in calendar aging [60,61,68,92,111]. They created a
battery life model that considers Ah throughput (time), C rate, and temperature, which is a
generalized model. An empirical cycle aging model was developed, with predicted capacity
loss values generally within +5% of measured data. Additionally, their results uncovered
that capacity degradation is dependent on Ah®>®, which is directly proportional to aging
time. This parameter allows degradation to be correlated based on C-rates. According to
the article, Ah-throughput can be defined as

Ah = (cycle number) x (DoD) x (full cell capacity) (11)

Wang et al. [39] proposed a new life model by merging the calendar and cycling
models. In their model, capacity degradation has an exponential relation with C-rate
and a linear relation with time (or charge throughput). They obtained a highly effective
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empirical model that uses both an exponential and a quadratic polynomial relationship
for temperature.

In another study on the cyclic aging model using Ah-throughput, Sarasketa-
Zabala et al. [100] developed a semi-empirical model for dynamic conditions. They estab-
lished mathematical relationships to connect the DoD and charging efficiency in the cycle
life model. Their model showed an RMSE of 1.75% under dynamic cycling conditions.

They used two different equations in their aging modeling: one equation for DOD
values between 10% and 50%, and another equation for all other DOD values. The cycling
performance loss as a function of Ah-throughput differed depending on the DoD level
(Ah%®¥ or Ah%%%). However, the only challenge in applying this cycle life model is that
the SoC release during charge and discharge (DoD) is assumed to always occur around a
mid-SoC of 50%.

The capacity degradation can be expressed as a function of either Ah or n, based on
the one-to-one relationship between total ampere-hours throughput and total aging cycle.
Unlike most studies in the literature, instead of representing capacity degradation as a
function of Ah-throughput, Todeschini et al. [89] used a power law fitting curve to express
it as a function of n. The representation is as follows:

Cgi(n) = al xnbi (12)

The estimated capacity value of the i-th battery after n aging cycles is represented by
C¢i(n), and it is obtained from fitting data as a; and b;. A model was created to simulate
the usage of low-charged batteries during the charging process. They uncovered that the
most accurate curve fit was achieved with n!3®, using an exponential factor greater than
one because of the battery’s quick decline in charge.

A semi-empirical cyclic aging model was developed by Cordoba-Arenas et al. [90].
This research considered the amount of time that a vehicle spends in Charge-Depleting
(CD) and Charge-Sustaining (CS) modes when assessing the capacity loss caused by cell
cycling. The ratio between CD and CS modes is defined by the following equation and
ranges from 0 to 1:

Ratio = — <D (13)

tcp + tes

where tcp represents the duration in CD mode, while tcg indicates the duration in CS mode.
The sum of these durations, denoted as (tcp + tcs), represents the total study time. The ratio
of the CD mode to the total runtime is then determined by dividing tcp by (tcp + tcs). This
equation for capacity degradation relies on the temperature of the battery during active
phases, its minimum SoC level, and the Ah-throughput. The power law factor z, which
represents the aging time, is taken as 0.48 in this equation. The battery’s minimum SoC
is determined by calculating the average SoC before each charging event. Their capacity
degradation model exhibited a nearly perfect fit with experimental data, with an RMSE
of 0.0047%.

In another study [99], it was aimed to create a unified aging model by superimposing
a calendar aging and cyclical aging model. They considered the impact of C rate; DoC;
and EFC yield on aging in their models. In the literature, DoC is also commonly referred
to as depth of discharge (DoD or ADoD). They argued that the EFC for capacity loss,
different C rates, and the DOC for all cycle aging tests follow an approximately square root
dependence. One of the limitations of the model is that it does not account for the SoC
stress factor in cyclic aging.

Saxena et al. [91] created a power law model that takes into account different SoC
ranges to demonstrate how partial charge-discharge cycles can impact battery aging. The
model shows that battery degradation is impacted not only by the average SoC, but also by
the change in SoC (ASoC) during cycling. The model considers three different parameters
at a constant temperature and C-rate: the average SoC, ASoC, and EFC.

Most studies on cycling aging utilize the Arrhenius equation, as well as a power law
relationship for efficiency or number of cycles, described in the models above. This form of
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modeling is often well suited to predicting aging due to cycling during post-processing
computation. However, for online calculations over a shorter period or under rapidly
changing operating conditions, the current age of the battery is often not taken into account
in each new calculation. This situation was addressed by Petit et al. [103] with cycling
aging modeling using the Arrhenius/power law. A similar approach was proposed by
Wang et al. [92], which they employed for analyzing cycling aging. The study focused on
temperature and current as stress factors for cycling aging. This expression is differentiated
with respect to time to assess the incremental change in capacity due to cycling aging. The
study demonstrated strong agreement between experimental results and simulations, with
errors of less than 5% for capacity loss below 20%.

In studies based on Arrhenius and power law, the aging of batteries is usually simu-
lated by only considering degradation in the initial stages of battery life. However, as the
battery ages, the rate of degradation tends to decrease. To account for this, Hoog et al. [61]
created a polynomial equation based on the number of cycles, temperature, and the DoD,
which models the point where the rate of degradation decreases. The impact of operational
temperature was analyzed alongside the impact of the DoD. This equation calculates the
relative capacity degradation (RCD) percentage of a battery. This polynomial model differs
from other exponential models, as it considers the increasing rate of degradation during the
later stages of battery life due to lithium plating. Even though the exact numerical values
did not perfectly align with the measured values, the rate of capacity degradation closely
corresponded to the measured degradation rate, with error values below 5%.

Omar et al. [75] proposed a new and intricate method for assessing the aging parame-
ters of lithium batteries. The degradation of the batteries was modeled separately based
on various factors such as charge-discharge current rates, operating temperatures, and
discharge depths. Since a separate equation was created for each stress factor, a total of four
equations were presented in the study. These equations were then integrated into MATLAB
Simulink to create a general cycle life model under the suggested operating conditions. The
researchers argued against the application of the Arrhenius law, as the battery exhibited
non-linear behavior throughout its cycle life. They instead used an empirical model with a
3rd-degree polynomial equation to explain the temperature and cycle life development.
Additionally, the life cycle development for other factors (Charge-discharge rate and the
DoD) is defined as an exponential function. According to the validation test, there is a
maximum 5.4% error between the simulated and experimental results.

The models used in electric vehicle batteries discussed above are summarized in
Table 5, highlighting their key elements. These different models vary in the stressors they
consider, such as cycle time, temperature, the SoC, and C-rate in the outcomes of the
aging type they examine. It should be noted that empirical and semi-empirical methods
measure a battery’s available capacity under reference conditions throughout its lifespan,
eliminating variations in available capacity caused by different operating conditions.

Table 5. Overview of semi-empirical /empirical cycling aging model equations reported in the literature.

Source Model Cases Type of Result (%) Model Equation Model Parameters Model Error
Hoog et al. [61] EM Capacity loss nf axt +biy! DoD and EFC Rl\gSE
i=0j=0
: —Ea+370.3+C, . Temperature, C-rate,
Wang et al. [92] SEM Capacity loss B x exp(w) x Ah® andpAh-throughput -
. Temperature, C-rate, o
Wang et al. [39] EM Capacity loss (aT? +bT +c) x exp[(dT + ) X Luate] x Ah and&h—throughput 5%
(i) (a1 x DoD? + a; x DoD + a3) x kAh™®”
L Lol SEM Capacity loss (i) (b5 * exp(csDoD) + by Ah-throaghput RMSE 1.75
' xexp(csDoD)) x kAh*® &P
_ ac + be(Ratio)® + cc x (S0Cpmin — 0.25)%
Cordoba-Arenas SEM Capacity loss ( c o ) e % ( min ) ) Temperature, DoD, SoC, 0.0047%

etal. [90]

e RE x Ah? and Ah-throughput
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Table 5. Cont.
Source Model Cases Type of Result (%) Model Equation Model Parameters Model Error
(a1 % S0Cumin x (1-+22850C +23A80C? ) x
Saxena et al. [91] SEM Remaining capacity 0453 SoC, ASoC, and EFC -
EFC ) 0:45¢
( 100 )
(aQloss X € —rate + leoss) c DoC. and
.. . urrent rate, DoC, an
Naumann et al. [99] SEM Remaining capacity X (CQloss(DOC — 0.6)3 T dQloss) EFC 0.98%
x EFC™Qloss
Todeschini et al. [89] EM Remaining capacity (a +b x ASoC + ¢ x eC’r‘“e) x nl30 ASoC, Cr;ilax:fl;::d cycle 0.24%
5 ZB(1) x exp —Fatell
. . . 1-1 Current, Temperature,
Petit et al. [103] SEM Remaining capacity Oloss and Ah-throughput 5%
—Ea+ ]T]
B(exp — g
(a) CL(T) =
axT® —bxT?+cx T+d(b) CL(Ig) = . c
Omar et al. [75] SEM Remaining capacity exella) + gxeMd) (c) CL(Iy) = emperature, C-rate, 5.4%

and DoD
m x e(Mch) 4 o x ePlen) (d) CL(DoD) =

i x eliPoD) 4 K x g(IDoD)

4. Conclusions

Adaptation of EVs could be achieved by enhancing the feasibility of batteries where
lifetime is an essential contributor. The literature documents that the lifespan of batteries
decreases over time, which affects the mileage in the lifetime of operation, which could
be accelerated under certain usage conditions. This reduction in battery life is primarily
caused by complex and multiple side reactions. The occurrence of side reactions is influ-
enced by various factors such as battery manufacturing, battery design, drive cycles, and
environmental conditions. This study delves into the behavior and empirical modeling of
Li-ion aging, emphasizing the impact and interdependence of various operational stress
factors. It also evaluates the degradation mechanisms of batteries and the reactions that
contribute to these mechanisms. This study concludes that it is challenging to generalize
aging behavior under operational conditions since many stress factors contribute to battery
aging, rather than a single factor. Therefore, when creating empirical and semi-empirical
aging models for batteries, it is essential to consider the relationships between stress factors
and the limitations of the models. The literature shows that there is no perfect aging
prediction model but should be decided based on application and relative variables and
estimation algorithms should be based on the target application. Key findings of this study
are summarized below:

e  This study examined various aging models for lithium-ion (Li-ion) batteries used in
EVs, focusing on both calendar and cycling aging mechanisms. The findings revealed
that model prediction errors were generally lower for calendar aging models compared
to cycling aging models, with the literature demonstrating relatively high prediction
accuracy for calendar aging.

o  Temperature and the SoC are the most critical factors that affect aging mechanisms in
batteries. Increased chemical activity caused by high temperatures and degradation
mechanisms such as lithium loss accelerate battery degradation. Also, battery perfor-
mance can be negatively impacted by low temperatures, which increase battery aging.
Lithium plating is the main degradation mechanism at low temperatures, unlike
high temperatures. Although there is no linear relation between the SoC and battery
capacity, the battery capacity tends to decrease more quickly at high SoC values.

e  One of the most critical aging mechanisms for cycling and calendar aging is SEI growth.
During idle conditions, there is a strong correlation between the SEI layer growth
and the negative electrode potential, with a higher SoC leading to increased growth.
However, other kinetic effects during cycling can accelerate aging at low SoC. Aging



Batteries 2024, 10, 374 26 of 32

induced by SoC can take various forms, such as exponential or linear, depending on
the operating conditions.

e  Another stress factor that occurs during cycling aging is the charge and discharge rate
to which the battery is exposed. High rates of charge or discharge can lead to the
development of SEI and degradation in the positive electrode. Additionally, it was
observed that there exists a strong relationship between the C-rate and temperature:
as the temperature rises, the impact of the C ratio decreases. In other words, as the
temperature increases, the adverse effects of the C ratio are less reflected in aging.
Some models fail to consider this aspect, which can be attributed to the fact that testing
is often conducted under accelerated conditions.

e  The Arrhenius model is useful for understanding how temperature affects calendar
aging. However, it is important to consider that different aging processes occur at
temperatures above and below room temperature during cycling. The pre-exponential
factor is not a constant value but varies depending on the reaction being studied and
the temperature at which it occurs. The pre-exponential factor A shares the same
units as the rate constant and argues that a small increase in reaction temperature will
produce a significant increase in the magnitude of the reaction rate constant. Therefore,
these differences must be taken into account when creating models for cyclic aging
below or above room temperature.

e  Generally, cycling aging models represent battery cycling using Ah-throughput or the
total EFC count. The aging behavior, which is primarily affected by the passivation
properties of the SEI layer, is most commonly modeled using a t* or Ah* relationship,
where 0.5 <z <1.

e  Past studies examined the effect of stress factors like temperature, the SoC, and C-rate
on different Li-ion chemistries, including LFP, NMC, NCA, LMO, LCO, LTO, and
LMO + NMC. Of these, Li-ion chemistries such as LTO and LFP cell chemistries exhibit
greater durability against battery degradation compared to other chemistries, making
them more suitable for EV applications where longevity is crucial.

To mitigate both calendar and cycling aging, battery management systems (BMSs) in
EVs incorporate strategies like temperature regulation, SoC balancing, and smart charging
algorithms. Studies suggest that strict control over battery temperature and charge levels,
particularly in storage conditions, can significantly extend battery life. The insights from
this article offer valuable information to researchers and modelers aiming to improve aging
models and develop more effective battery management strategies for EV applications.

Due to variations in voltage and internal resistance between cells, package-level
analysis may lead to inaccurate conclusions, necessitating cell-level testing for reliable
results. While insights gained from cell-level studies can inform package-level analysis,
deriving conclusions about individual cells from package-level data is unreliable due to
system noise. As a result, many studies in the literature focus on cell-level analysis for
more precise and feasible outcomes.

In conclusion, while substantial progress has been made in understanding the aging
mechanisms of Li-ion batteries, particularly in EV contexts, further refinement of aging
tests and models is needed. The complex interplay of temperature, the SoC, and C-rate
stressors requires more nuanced modeling approaches to optimize battery performance
and extend battery life. This review provides a foundation for future research and model
improvements, offering a pathway towards more reliable, long-lasting EV batteries.
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Nomenclature

Abbreviation/Acronym  Definition

A Exponential Factor

Ah Ampere-Hour

a-k Fitting Parameter

C Current

C-Rate Current Rate

CD Charge-Depleting

CEI Positive electrode Electrolyte Interphase
CL Conductivity Loss

CS Charge-Sustaining

Ccv Constant Voltage

DC Direct Current

DoC Depth of Cycle

DoD Depth-Of-Discharge

Ea Activation Energy

ECM Equivalent Circuit Model
EFC Equivalent Full Cycles

EV Electric Vehicle

HEV Hybrid Electric Vehicle
LAM Active Material Loss

LCO Lithium Cobalt Oxide

LFP Lithium Iron Phosphate
Li-ion Lithium-Ion

LLI Loss of Lithium Inventory
LMO Lithium-Ion Manganese Oxide
LSEV Low-Speed Electric Vehicles
LTO Lithium Titanate Oxide
MAE Mean Absolute Error

N Number of Cycles

NCA Nickel Cobalt Aluminum Oxide
NiMH Nickel Metal Hydride
NMC Nickel Manganese Cobalt
Q Total Capacity

Qloss Capacity Loss

QL Irreversible Capacity Loss
Qsq Reversible Capacity Loss
Pb-acid Lead-Acid

R Gas Constant

RMSE Root Mean Square Error
SEI Solid Electrolyte Interphase
SEM Semi-Empirical Model

SoC Stage of Charge

T Temperature

t Time

USABC United States Advanced Battery Consortium
\% Voltage

z Power Law Exponent
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