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Abstract: Batteries play a crucial role in the domain of energy storage systems and electric vehicles
by enabling energy resilience, promoting renewable integration, and driving the advancement of
eco-friendly mobility. However, the degradation of batteries over time remains a significant challenge.
This paper presents a comprehensive review aimed at investigating the intricate phenomenon of
battery degradation within the realm of sustainable energy storage systems and electric vehicles
(EVs). This review consolidates current knowledge on the diverse array of factors influencing battery
degradation mechanisms, encompassing thermal stresses, cycling patterns, chemical reactions, and
environmental conditions. The key degradation factors of lithium-ion batteries such as electrolyte
breakdown, cycling, temperature, calendar aging, and depth of discharge are thoroughly discussed.
Along with the key degradation factor, the impacts of these factors on lithium-ion batteries including
capacity fade, reduction in energy density, increase in internal resistance, and reduction in overall
efficiency have also been highlighted throughout the paper. Additionally, the data-driven approaches
of battery degradation estimation have taken into consideration. Furthermore, this paper delves
into the multifaceted impacts of battery degradation on the performance, longevity, and overall
sustainability of energy storage systems and EVs. Finally, the main drawbacks, issues and challenges
related to the lifespan of batteries are addressed. Recommendations, best practices, and future
directions are also provided to overcome the battery degradation issues towards sustainable energy
storage system.

Keywords: degradation; electric vehicles; energy storage; battery management systems; electric
batteries; lithium-ion batteries; mathematical model

1. Introduction

Batteries serve as indispensable energy storage devices, converting chemical energy
into electrical energy, thereby powering numerous aspects of modern life [1]. These batteries
enable the consistent supply of electricity, overcoming the intermittency of renewable
energy production, and ensuring a reliable power source even during periods of low
generation [2]. Moreover, batteries are the heart of electric vehicles, powering their engines
and enabling them to function without reliance on traditional fossil fuels. The development
of high-capacity, durable, and fast-charging batteries has been instrumental in driving the
adoption of electric vehicles, significantly reducing greenhouse gas emissions and paving
the way for a more sustainable future in transportation [3]. As technological advancements
continue to improve battery efficiency and capacity, their role in both energy storage systems
and electric vehicles becomes increasingly pivotal in the global shift towards cleaner and
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more efficient energy utilization [2]. Battery technologies, despite their widespread use
and critical role in modern society, grapple with several significant drawbacks [4]. One of
the primary limitations is the degradation of batteries over time. This constraint impacts
their efficiency, notably in applications like electric vehicles and portable electronics, where
battery life and increased extended range are paramount. Additionally, the capacity
degradation of batteries presents a crucial challenge, leading to reduced performance and
the eventual need for replacement or recycling.

Battery degradation refers to the progressive loss of a battery’s capacity and perfor-
mance over time, presenting a significant challenge in various applications relying on stored
energy [5]. Figure 1 shows the battery degradation mechanism. Several factors contribute
to battery degradation. One primary cause is cycling, where the repeated charging and
discharging of a battery causes chemical and physical changes within the battery cells. This
leads to the gradual breakdown of electrode materials, diminishing the ability of the battery
to hold a charge. Elevated temperature, another factor that accelerates chemical reactions
within the battery, hastens degradation [6]. Overcharging or deep discharging a battery
beyond its recommended voltage limits can also accelerate degradation by causing physical
stress on the electrodes or electrolyte [3]. Additionally, storage conditions and the type of
battery chemistry play crucial roles; some chemistries are more prone to degradation than
others. As batteries degrade, their overall capacity diminishes, reducing their ability to
provide power, ultimately leading to decreased performance and the need for replacement
or refurbishment [7]. Strategies such as optimal charging practices, temperature manage-
ment, and advancements in battery chemistry aim to mitigate degradation and extend
battery lifespan.
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Figure 1. Degradation mechanism of lithium-ion battery [8].

Battery degradation significantly impacts energy storage systems, compromising
their efficiency and reliability over time [9]. As batteries degrade, their capacity to store
and deliver energy diminishes, resulting in reduced overall energy storage capabilities.
This degradation translates into shorter operational lifespans for energy storage systems,
requiring more frequent replacements or refurbishments, which escalates operational costs.
Moreover, decreased storage capacity limits the amount of renewable energy that can be
stored, affecting the system’s ability to provide consistent power during peak demand
or when renewable sources are not actively generating energy [10]. This fluctuation in
storage capacity due to degradation can create challenges in maintaining a stable and
reliable power supply from renewable sources, impacting grid stability and the integration
of renewable energy into the electrical grid.

The performance, range, and general usability of electric vehicles (EV) are all signif-
icantly impacted by battery deterioration [11]. The driving range of an electric vehicle
(EV) decreases with battery deterioration, affecting the amount of distance it can drive
between charges. Degradation-related reduction in battery capacity also results in a drop
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in power output, which impacts the vehicle’s acceleration and general performance. In
addition, EV drivers must charge their cars more frequently to go the same distance as
their battery’s capacity decreases, which raises operating costs and annoyance [12]. Fur-
thermore, a deteriorating battery that has to be replaced may turn off potential buyers,
which lowers the resale value of electric vehicles. Addressing battery degradation through
technological advancements, efficient battery management systems, and improvements
in battery chemistry remains crucial to prolonging the lifespan of EV batteries and en-
suring the long-term viability and attractiveness of electric vehicles in the transportation
sector [13]. The lithium-ion (Li-ion) battery is a form of intercalation-type battery that is
mostly utilized in electric vehicles (EVs). Intercalation-type batteries are a specific category
of rechargeable batteries where the energy storage mechanism involves the insertion and
extraction of ions or molecules into the crystal structure of the electrode material during
charging and discharging cycles. Consequently, the most-often utilized batteries in EVs
are intercalation-type batteries, most especially Li-ion batteries. So, this study will mainly
focus on the intercalation types of batteries. In recent years, data-driven approaches have
emerged as powerful tools for estimating battery degradation. Leveraging vast amounts
of historical and real-time data, these techniques offer a holistic understanding of battery
health and degradation patterns [14]. By harnessing advanced analytics, machine learn-
ing algorithms, and statistical modeling, data-driven methods enable precise predictions
of degradation rates, allowing stakeholders to proactively address issues and optimize
operational parameters [15].

Recently, battery degradation became an issue of great concern among the researchers
around the world [16]. Xiong et al. presented a review about the aging mechanism of
lithium-ion batteries [17]. Authors have claimed that the degradation mechanism of lithium-
ion batteries affected anode, cathode and other battery structures, which are influenced
by some external factors such as temperature. However, the effect of battery degradation
on EV and energy storage system has not been taken into consideration. Jialong et al.
investigated battery degradation behavior at a low temperature using destructive and
nano-destructive methods, where it has been found that a high charging rate accelerates the
battery aging at a low temperature [18]. The rate of aging of a battery charging at 0.6 °C is
higher than a battery charging at 0.8 °C. Although the aging rate at a low temperature has
been investigated, what the situation will be at a high temperature has not been explained.
Further study is still required. Guo et al. presented a review about the aging mechanism of
lithium-ion batteries in EV where the aging behavior of lithium-ion batteries in charging,
stand-by, and driving modes are reviewed [19]. Xu et al. proposed a data-driven battery
degradation estimation model. The authors explained the estimation method with accuracy;
however, the battery degradation effect on energy storage systems and electric vehicles still
needs to be investigated [14]. Wankmidiller et al. presented a case study about the impact of
battery degradation on energy storage systems; however, the authors did not investigate the
case of electric vehicles [20]. In another work, Ou explained in detail the impact of battery
aging on EV [21]. The author claimed that battery degradation can be delayed by around
0.5% with the help of a battery thermal management system. Higher outside temperatures
enhance the use of BEV batteries. For example, compared to the New England area, the
Los Angeles area has 6% higher battery capacity; however, this paper does not provide
any information about the degradation mechanism of EV batteries [21]. Kaliaperumal
et al. presented a review about the mitigation techniques of battery degradation where the
authors claimed that the use of extra protective mechanisms, fire suppression, ventilation,
and intrinsic safety as mitigation techniques in LiB can help them overcome the failure
modes; however, the issues and challenges of these techniques have not been taken into
consideration [22]. Further study is still required in this regard. Table 1 summarizes the
current research status of battery degradation.
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Table 1. Current research status of battery degradation for EVs and energy storage systems.
Goal Key Findings Research Gap Reference
. Lithium-ion batteries degraded over time The authors have Pt esented a review
Degradation about the degradation mechanism;
. when used. External factors such as
mechanism of . . however, the effects of battery [17]
e . . temperature can influence the degradation . . .
lithium-ion batteries . degradation are still required for better
mechanism. .
understanding.
A high charging rate accelerates the battery ~ Although the aging rate at a low
Battery aging at lower  aging at a low temperature. The rate of aging temperature has been investigated, what [18]
temperature. of the battery charging at 0.6 °C is higher the situation will be at a high
than the battery charging at 0.8 °C temperature has not been explained.
It is possible to extend the battery life by More study ' Stlu. needed on the 1ssue of
- battery deterioration, particularly in
. . reducing exposure to the factors that most . . .
Aging mechanism of . . relation to the operation of EVs. There is
S . quickly age batteries. Low temperatures . .
lithium-ion batteries : . L currently relatively little research on [19]
expedite the metallization of lithium on the S
for EVS . . battery performance deterioration and
anode, whereas high temperatures will result . e . .
o S the identification of the aging mechanism
in side reactions in the battery.
that follows.
Different battery degradation factor suchas  Although the authors presented a model
Data-driven battery temperatqre, charge cut off Voltage,' charge for estimating battery degradation
. . current, discharge cut off voltage, discharge  accurately, the impact of battery
aging mechanism h nfl b deoradati EVs and [14]
approach current have great influence on battery egradation on EVs and energy storage
PP ’ degradation and depend on how the battery ~ systems has not been taken into
degradation varies in different aging phases.  consideration.
Depending on the degradation model and The effect of battery degradation on
Impact of battery S
. EOL criteria for a C-rate of 1C, the revenue energy storage systems has been carefully
degradation on the d ltine deteri . . . d:h h (E [20]
energy storage system rop resulting from deterioration ranges investigated; however, the case of EVs
y © from 12 to 46%. still needs to be investigated.
The battery degradation can be delayed by
. around 0.5% with the help of th.e battery . Although having a contribution on the
Long-term impact of thermal management system. Higher outside . . .
) impact of battery degradation for EV, this
battery degradation on temperatures enhance the use of BEV . . [21]
; . . paper ignores the battery degradation
electric vehicles. batteries. Compared to the New England . . .
o 1. mechanism for electric vehicles.
area, the Los Angeles area has 6% higher
battery capacity.
The use of extra protective mechanisms, fire This paper pr9V1des a I.Ot of information
Battery degradation suppression, ventilation, and intrinsic safety about mitigation techniques for battery
! ’ degradation; however, the issues and [22]

To bridge the gaps in the field of battery degradation, this paper will provide a compre-

hensive review for the degradation factors, aging mechanisms, and the data-driven approaches
to the modeling of battery degradation, considering both electric vehicles and energy storage
systems. Future research directions in this field will also be a part of this work.

This paper is divided into six sections. Section 2 presents the battery degradation
mechanism in brief. Key degradation factors are shown in Section 3. In Section 4, the
effects of battery degradation in EVs and energy storage systems are reported. Data-driven
algorithms, strategies, and approaches regarding battery degradation are highlighted in
Section 5. Lastly, the conclusion and future directions are suggested in Section 6.

2. Battery Degradation Mechanism

The degradation of lithium-ion battery can be mainly seen in the anode and the
cathode. In the anode, the formation of a solid electrolyte interphase (SEI) increases the
impendence which degrades the battery capacity. Mechanical stress results in a crack in the
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surface layer, and lithium plating makes the formation of dendrite on the surface of anode
layer. On the other hand, cathode degradation occurs due to a film on the cathode surface
layer, stress, and dissolution of transition material.

2.1. Degradation in Anode

To create improved anodes for rechargeable lithium batteries, a great deal of research
has been conducted during the last three decades. Negative electrodes, or battery anodes,
are typically composed of silicon, lithium metal, titanate, graphite, or various composite
materials [22]. Commercial batteries use graphite-based anodes, including graphite anodes
and graphite—silicon composite anodes [23]. Carbon materials have dominated the market
for negative electrode materials due to their high electronic/ionic conductivity, affordability,
availability of raw materials, and suitable mechanical and thermal qualities [24]. This is
particularly true of graphite with consistent performance. Degradation in the battery anode
mainly occurs due to SEI, lithium plating, and stress.

2.1.1. Degradation in the Layer of Solid Electrolyte Interphase

Graphite is used as the main anode material in most lithium-ion batteries. Graphite
anodes operate in the 0.05-1 V range, which is beyond the 1-4.5 V window for organic
electrolyte stability [25]. Because of this, graphite-based LIBs produce a reductive electrolyte
breakdown process due to their thermodynamic instability. Li+ ions are consumed in this
process, which also creates a surface layer on the anode that leads to loss of active material
(LAM) [26] and loss of lithium inventory (LLI) [27]. The rapid reaction rate, particularly in
the initial few cycles, produces a surface layer that is permeable to Li ions but less permeable
to electrolyte components. As a result, there is less degradation and subsequent electrode
corrosion [28,29]. Nonetheless, throughout the life of the battery, solvated lithium and
other electrolyte components are still transported through this semipermeable layer even
while the reaction rate decreases. This reaction mostly takes place in the solid electrolyte
interphase (SEI) layer, which is the interphase between the electrolyte and the anode. The
primary cause of graphite anode aging is frequently the expansion of the SEI layer. It
lowers the capacity of the battery to hold energy and its ability to handle power. Another
kind of anode surface layer, known as the non-SEI layer, is known to form on the basal
plane surface and is impervious to Li ions [30]. It is common to refer to both the SEI and
non-SEI layers as the SEI layer [31]. Thus, the same custom is also adhered to here. The
SEI keeps growing once it first forms, both when it is cycling and when it is not. The
operational circumstances of the cell determine how quickly the SEI layer develops [32].
Agubra et al. presented the main factor of SEI formation which are electrolyte flow rate,
electrolyte composition, charging current, voltage, and pressure [33]. Figure 2 shows the
formation of SEI on a lithium-ion battery. Temperature and SOC are the primary drivers of
SEI development under idle circumstances. More Li ions are intercalated into the anode
at a greater SOC, which lowers the anode potential and speeds up the reductive reaction
rate [34]. Agubra et al. claimed that SEI formation undergoes a very critical evolution of
pre-formation, self-improvement, and gradual decay in succession at 25 °C [33]. At high
temperature, a film of LiF and LiCO, forms which increases the impedance and triggers
the anode towards degradation. The ionic conductivity of the SEI layer is further reduced
by rising temperatures, which can speed up the reaction rate and may convert less stable
organic SEI components into more stable inorganic compounds. Not even thermal runaway
can prevent the cell from exploding or catching fire at severe temperatures exceeding 60 °C.
The volume variations brought on by the (de)intercalation of Li ions during cycling, in
addition to SOC and temperature, put mechanical stress on the electrodes. These variations
in volume have the ability to breach the SEI and initiate new reactions. This fracture and
repair cause the SEI to keep expanding, which leads to more LLI [26] and LAM [27].

In addition, cycling produces a more porous SEI layer than idling, especially at
high C-rates [35]. While a denser SEI layer lowers the reaction rate, this greater porosity
permits more reductive processes to occur. Electrolyte composition and electrode balance
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are other parameters that impact the pace of reaction [36]. There are two competing
hypotheses on how SEI form: (1) According to the first hypothesis, formation occurs at
the electrode-electrolyte interface, and the SEI’s electrical conductivity ought to be the
formation’s limiting factor [17]. (2) According to the second hypothesis, solvent diffusion
limits SEI production, which occurs at the anode—SEI contact [37]. Nonetheless, the aging
behavior resulting from both hypotheses follows a time connection, which is consistent
with the passivation character of the SEI layer and is frequently shown in tests.
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Figure 2. Process of SEI film production in the electrolyte based on EC. Snapshots of the reaction
products taken every 25 ns throughout a 100 ns period. Bulk EC and PF4-anions are not displayed for
viewing reasons. Li* that have not participated in any reactions are magenta in color [38].

At the electrode-SEI interface, the solvent and lithium ions pass through the SEI
layer and react with the surface electrons to produce an insoluble product. Different SEI
modeling techniques have been presented in [39—41]. According to Fick’s second law,
solvent diffusion through the SEI layer will be as follows [39]:

6C; 82Cs

=D M
where C; is the concentration of the solvent in pores and D; is the effective diffusivity
of the solvents. The liquid electrolyte fills the holes in the SEI and reaches the electrode
surface because the SEI layer has a porous structure. Thus, the first boundary condition
is determined by the effective solvent concentration at the electrolyte/SEI, which is as
follows [39]:

atz =0Cs = eC? )

where ¢ represents the porosity of the layer, and C? is the concentration of the bulk solution.
The kinetics of the irreversible formation process of the product are expressed using a Tafel
expression as follows [39]:

®)

—DCCF(qu(SOC) - uSE[)
RT

at z = L(t)]sgl = —kSEICSGXp<

where Ugr is the reaction of solvent reduction equilibrium potential and kg is its rate
constant. Moreover, E.; which depends on SOC, is the anode’s open circuit potential. The
rate of the solvent reduction process, Jsg;, and the growth rate of the SEI layer brought on
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by the creation of the insoluble product, determine the solvent flow at the SEI/electrode
interface [39].

_Ds% lo—rp) = —JsE1 = CP% 4)
where L is the thickness of the SEI layer and Cp is the molar density of the reaction product.
The ratio of the number of lost lithium ions in the SEI to the number of starting lithium
ions is known as the capacity loss, or x(t) [40].

CpA
x(t) = LR CAmie ®

where Nj is the starting number of moles of lithium ions in the cell, A 4,04, is the anode
surface area, and Zp is the number of Li atoms in the product.

2.1.2. Lithium Plating

Lithium plating, which happens during charging when lithium ions unevenly de-
posit on the anode, generating metallic lithium, is one major cause for concern in battery
degradation [41]. The mechanism of lithium plating is shown in Figure 3. Exposure to low
temperatures or rapid charging frequently intensifies this effect. For example, charging a
7.5 Ah cell at 1 C rate at 0 °C would result in a significant 3.6% capacity loss [42]. The three
following main variables cause the power and energy densities of a lithium-ion battery
to decrease at low temperatures, especially when charging: 1. inadequate charge-transfer
rate; 2. low solid diffusivity of lithium ions in the electrode; and 3. reduced ionic conduc-
tivity in the electrolyte [43—45]. Ionic conductivity in the electrolyte diminishes, which
causes an increase in cell internal resistance; nevertheless, this is not the primary issue with
low-temperature charging. Lithium plating at low temperatures, where lithium ions collect
at the interface between carbon particles and electrolytes, may be primarily caused by
poor Li+ diffusivity inside the electrodes [46,47]. Dendrite development, which can result
in internal short circuits, overheating, or even explosions, increases internal resistance,
capacity loss, and safety issues associated with lithium plating [48,49]. Lower temperatures,
often below 20 °C, cause the intercalation potential of graphite material to approach that
of metallic lithium and decrease the diffusion rate of lithium into the anode or electrolyte.
As a result, metallic lithium plating could happen. High C-rates, low temperatures, and
low SOC are particularly conducive to lithium plating [43]. During fast charging, there
is a greater chance that the charging rate will surpass the intercalation rate. The quantity
of Li* ions transferred during the charge-transfer process from the cathode to the anode
per unit of time rises at a high C-rate [44]. High SOC has a great impact on the lithium
plating. The impact of high SOC on graphite/LCO 5 Ah pouch cells at different cutoff
voltages ranging from 4.2 V to 4.8 V was investigated by Juarez-Robles et al. [45]. Significant
capacity decline, lithium plating, electrolyte breakdown, and volume expansion were seen
in cells charged over 4.5 V. The cells that were charged to 4.6 V, 4.7 V, and 4.8 V showed
dendritic structures [45]. Moreover, the anode resistance may approach a critical limit
beyond a particular age. Lithium plating begins at this limit, where the anode potential
falls below 0 V against Li/Li* [46]. Lithium plating, in contrast to SEI layer development,
is a positive reinforcing event whereby the deposits on the anode reduce the active surface
area, which raises the current density at the remaining accessible pores and increases the
metal plating. This leads to the observation of a knee point in the deterioration behavior
at the age of lithium plating. Lithium plating results in LLI and may make the cell less
safe since it can induce internal short circuits by allowing lithium dendrites to form [17].
Various modeling techniques of lithium plating have been presented in [50-53]. Lithium
plating can be estimated using the Butler—Volmer equation [47]. Zhao et al. utilized a
reduced order model to consider the lithium plating evolution as shown in the following
equations [54]: ‘ ‘ ‘

]tLoltal = ]ll + ]lg;ating (6)
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Figure 3. Degradation mechanism in anode due to lithium plating [55].

2.1.3. Stress

One of the main factors contributing to lithium-ion battery degradation is mechanical
stress at the anode [56]. There is a number of negative consequences that might arise
from mechanical stress on the anode. Initially, the anode material may experience physical
damage from the stress, such as deformation or cracking, which would compromise its
structural integrity and lessen its capacity to store and release lithium ions during cycles of
charging and discharging [57]. Wang et al. investigated the mechanical stress on the anode
and cathode and found cracks in both surface and cross-sectional areas [58], as shown
in Figure 4. This damage may cause the internal resistance to rise, which would lower
its overall performance and efficiency. Furthermore, mechanical stress could permit the
electrolyte to penetrate the anode material and start chemical reactions that eventually
weaken the anode and reduce battery capacity [50]. Moreover, internal short circuits
brought on by stress-induced dendritic formation—a process in which microscopic lithium
metal fibers protrude from the anode surface—can enter the separator and result in safety
hazards like thermal runaway, overheating, or even explosions [51-53,59]. As the particles
go through a phase transition, the intercalation of lithium ions into the anode may cause
sudden variations in volume [60,61]. As more lithium is added, the orientation of the
molecules shifts during a phase transition, producing distinct geometrical and electrical
features. This results in mechanical stress brought on by a volume shift, which can cause
contact loss with the composite electrode (CL), surface layer cracking (LLI and LAM),
and anode structural damage (LAM) [62]. Electrode porosity, which is necessary for
the electrolyte to reach the electrode’s bulk, may also decrease as a result of the active
material’s volume change [21,63]. Different modeling techniques of stress factors of lithium-
ion batteries have been presented in [64-67]. The hydrostatic stress of an anode can be
evaluated using the following equations [59,68]:

420,  20FE 3 (R
o) = PE2ED T s = 7 , Crrdr—ci] ®)
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where the volume fluctuation of the intercalated lithium and solution host material is
described by the partial molar volume, or Q). The particle’s lithium concentration field is
denoted by C. The Young modulus (E) and Poisson ratio (v) are used, respectively.

Surface Cross-section

Cathode

Figure 4. Impact of stress in both anode and cathode of lithium-ion battery [58].

X o

2.2. Degradation in Cathode

Battery degradation in the cathode of lithium-ion batteries involves mechanisms such
as transition metal dissolution, formation of surface layer film, stress, and particle cracking.
These processes contribute to capacity loss, reduced cycling stability, decreased energy
density, and decreased battery performance over time.

2.2.1. Film on Cathode Surface Layer

Surface layer films, sometimes called cathode electrolyte interphase (CEI) layers, can
develop on the cathode owing to electrolyte oxidation and salt deposition, much like they
can on the anode [69]. Using direct STEM (EELS) measurements, Roy et al. investigated
structural and compositional changes at the surfaces of LixMn;Oyy epitaxial films at the
atomic level [70]. The findings unequivocally demonstrate that O deficiency near the
pure LiMn; Oy surface is linked to Li deficiency and a mean Mn oxidation state that is
lower than predicted by the classical intercalation mechanism. A thin surface layer with
an approximate LiMn,O4 composition that fluctuates progressively down to a depth of
around 15 nm is produced by this non-stoichiometry. When Li is removed, Jahn—Teller
Mn3* ions oxidize to smaller Mn** ions, causing a decrease in lattice volume inside the
film and a significant rise in strain on the surficial layer during the first charge. In this state,
the highly strained surficial layer is unstable and reconstructs to create Mn3Oy at a depth
of 2-3 nm with additional oxygen loss; during the first cycle, Mn?* dissolution and/or
spallation of the strained selvedge cause a significant reduction in specific capacity. The
cathode surface layer has poor lithium-ion conductivity, which raises the impedance, in
contrast to the SEI layer. Additionally, gas evolution is conceivable [71]. Several modeling
techniques have been introduced by [72-75]. SEI film layer formation rate can be described
by Tafel equation [76]. The formation rate of the particle on site can be described by the
following equation:

F
1_‘form,i =K exp(_ZR_TUs,i) )
where |
K — 5,i040N, 1
o (10)
Nsi = bsi — Us (11)

g S o
d)S,i_ cb?’l (k(X +kﬁ>An (12)
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Here, ¢, ; is the potential site of I, and Us is the local equilibrium of SEI formation.
Kemeny et al. state that organic compounds produced at the anode by reduction may also
be carried to the cathode, where they undergo oxidation and deposit on the cathode surface
to produce LAM and LLI [60]. Similar conclusions were reached in [61]. Unfortunately, it is
more challenging to detect this surface film layer because of the greater cathode voltage.

2.2.2. Stress

Similar to the anode, the cathode may experience phase transitions that lead to LAM
and CL during the intercalation and deintercalation of Li ions. Depending on the chem-
istry, there are different amounts of volume changes. For instance, LFP cells only have a
two-phase regime with FePO4 and LiFePO, [64]. Different chemistries exhibit various
transitions of phase in the anode and cathode voltage profiles, such as NMC or NCA [65].
As a result, the shape transitions from cubic to tetragonal. This can raise the cathode
volume in the case of LMO by around 16% [66], producing more LAM [67]. Low SOC is
when the Jahn-Teller distortion happens. Capacity fading brought on the volume variation
can be lessened by adding dopants and adjusting the end-of-discharge voltage (EODV).
Kim and Huang performed an experimental study where it has been shown that under
high C-rate, the electrode is fully saturated in a shorter period of time and mechanical
stress dramatically increased in lithium intercalation areas which significantly increased
the capacity fade [77]. The stress of the lithium-ion battery can be modeled by the following
equations [78]:

é + VI = (13)
O
where
I'=-D V—& Vo (14)
= c RT h
o = 011 +(T§2+(733 (15)

Here, 0y, is the hydrostatic stress.

2.2.3. Dissolution of Transition Metals

Transition metal oxides, such those based on manganese, nickel, and cobalt, are fre-
quently used as cathode materials in LIB [79]. These transition metal ions can dissolve into
the electrolyte during the battery’s repeated cycles of charging and discharging, especially
in extreme weather or at high temperatures. The development of soluble metal species
at the cathode contact is the result of side reactions that cause this dissolution [72]. The
transition metal ions that have been dissolved then go to the anode, where they may plate
and form metallic deposits known as “dendrites”. These dendrites have the ability to pierce
the separator, resulting in internal short circuits, lowering the battery’s total capacity and
jeopardizing the lithium-ion battery’s functionality and safety.LiPFg salt is included in most
battery electrolytes [73]. These cells can produce hydrogen fluoride (HF) from impuri-
ties within the electrolyte during cycling and storage, especially at high cell voltages and
temperatures [74]. Liao et al. presented the oxidization carbonates at the LixNig5Mng 50,
where the formation of HF usually includes the hydrolysis of LiPF4 from the incidental
electrolyte water, as shown in Equation (16) [79].

LiPFs — LiF + PFs 29 PF; + 2HF (16)

The synthesis of A — MnQO, and the presence of HF have been coupled by Mikheenkova
et al. to explain Mn migration to the negative electrode, as demonstrated by
Equation (17) [75].
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Li;_xMnyO4 + 2(1 — x)HF (17)
— (3X)AMnO4 + (1 — x)LiF + (1 — x)H,0 + (1 — )MnF,

Mn?" may migrate from the electrolyte to the negative electrode via this hypothesized
pathway. The Li(Nip5Mng3C0p )0, mechanism has been expanded to incorporate high
cell voltage operation. This raises the electrolyte’s acidity. The resultant HF raises the
impedance and causes capacity fading by dissolving the transition metals and corroding
the cathode. It also contributes to various degradation processes in the anode and cathode.
First, structural deterioration of the cathode (LAM) due to metal dissolution might lower
the cathode’s capacity to insert lithium [79]. Moreover, upon dissolution, the metals may
migrate through the electrolyte and settle on the anode, where they will serve as catalysts
for the reductive breakdown event that produces the formation of the SEI layer [80].
Lastly, lithium metal dendrites (LLI and LAM) may develop on the deposited metals
as a result of the transition metals that are formed on the anode during this reductive
process. A serious safety issue arises from the possibility of internal short circuits caused
by these dendrites. Transition metal dissolution can be particularly harmful to spinel-
containing chemistries like LiMn, Oy, since the degree of dissolution can be significantly
higher and cause more structural damage of the cathode (LAM) [81]. Transition metal
dissolution during the charging process is inevitable, but it may be minimized by lowering
the electrolyte’s impurity level, employing dopants, and utilizing protective coatings to
lessen direct contact between the cathode and the electrolyte [82]. Krupp et al. claim that at
potentials higher than 4.6 V, a significant increase in the rate of manganese dissolution was
observed. Regardless of the charge level, manganese deposits on the graphite electrode
were always in the oxidation state +2 while the system was in operation [83]. Transition
metal ion dissolution often occurs in the presence of acidic species in the electrolytes. It
is commonly known that LiPFs may include traces of hydrogen fluoride (HF), and that
HF can be produced when LiPF4 combines with traces of water or alcohol in carbonate
solvents [84,85]. Degradation in cathode due to dissolution of transition materials has been
shown in Figure 5.

SECM tip electrode
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complexes\ carbonate
f ®
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Figure 5. Degradation mechanism in cathode due to transition material dissolution [82].
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3. Key Degradation Factor

Despite being popular and effective, lithium-ion batteries deteriorate over time for
a number of reasons. Cycling, or the charge—discharge cycle that a battery experiences
throughout its lifespan, is one important component. Every cycle alters the composition of
a battery physically and chemically, breaking down the electrode materials and forming
undesirable compounds that lower the battery performance and capacity [86]. Another im-
portant degrading element is temperature. Higher temperatures hasten chemical processes
in the battery, which speed up the deterioration of the electrolytes and electrode materials.
In the same way, low temperature, SOC, DOD, and calendar aging also play a vital role in
battery degradation. Reduced energy efficiency, capacity loss, and even safety risks like
thermal runaway might result from this.

3.1. Cycling Degradation

Cycling degradation in lithium-ion batteries refers to the progressive deterioration in
performance that occurs as the battery undergoes repeated charge and discharge cycles
during its operational life [87]. With each cycle, various physical and chemical processes
contribute to the gradual degradation of the battery components [88]. Mechanical stress
resulting from the expansion and contraction of electrode materials, particularly in the anode,
can lead to structural damage and decreased capacity [85]. Xu et al. presented an empirical
model of degradation prediction of lithium-ion batteries and the authors also claim that five
stress factors (temperature, DOD, charging C rate, discharging C rate, and middle SOC)
have a great influence on the cycling aging [89]. Additionally, chemical reactions at the
electrode—electrolyte interface can form a solid—electrolyte interface (SEI) layer, hindering ion
transport and increasing internal resistance [90]. Wang et al. presents a post mortem study
of a lithium-ion battery using neutron depth profiling (NDP) where it has been shown that
SEI grow logarithmically with cycle number starting with the main formation of the initial
cycle [71]. Transition metal dissolution from the cathode, electrolyte decomposition, and
thermal effects further contribute to capacity fade and reduced overall efficiency [72]. Lee
presented the impact of transition metal dissolution on cycling aging where LiMn,Oj is used
as transition metal [91]. In this study, 5, 50, and 500 ppm concentrations of Mn are dissolved
in the electrolyte which is used as the input of the experiment and the results show that the
higher dissolution rate caused severe fraction and volume losses during the cycling.

Lithium-ion battery cycling deterioration results from a combination of chemical and
physical reactions that take place during repeated cycles of charging and discharging. The
mechanical stress that the electrode materials, particularly in the anode, endure during the
volume changes that occur during charging and discharging, is one of the main contributing
factors. The cycle deterioration of lithium-ion batteries is caused by the combined impacts of
mechanical, electrochemical, and thermal stressors [92]. This degradation affects the batteries’
capacity, energy retention, and overall performance throughout the course of their operational
lives. There are several models for estimating the cycling aging estimation [93-96]. Cycling
degradation can be estimated from the following equations:

N
LCyc = Zi nife (Ui/ Si, Tc,i) (18)

where N is the number of cycles, n; mentioned that i is a full cycle or half, ¢; is the depth
of discharge, o; is the average SOC of the cycle, and T, ; is the average cell temperature.
The cycling aging problem of lithium-ion batteries can be mitigated by adopting different
techniques. Wood et al. present an aging level-based charging strategy which may slow
down the capacity fade by 3.84% and increase the life time by 40 cycles to 50 cycles [97].

3.2. Electrolyte Breakdown

Electrolyte breakdown is the chemical reaction and deterioration of the electrolyte. Re-
peated cycles, high temperatures, or overcharging are some of the reasons that might cause
this breakdown and result in the development of undesirable byproducts [98]. Increased
internal resistance, capacity decline, and decreased overall performance in lithium-ion
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batteries are caused by electrolyte degradation [99]. The breakdown of the electrolyte, an
essential aspect that facilitates ion transport between the positive and negative electrodes
in lithium-ion batteries is a complicated process involving a variety of chemical and elec-
trochemical events that affect the electrolyte’s usefulness and stability. The creation of a
solid—electrolyte interface during the battery’s repeated cycles of charge and discharge is
one important factor [100]. Even while the SEI is necessary for a battery to function nor-
mally, its constant expansion can obstruct ion transport and cause electrolyte degradation.
Furthermore, high voltages can cause electrolyte breakdown, producing heat, gas, and
unwanted chemical species that exacerbate breakdown, particularly when overcharging or
at high temperatures.

Chemical reactions inside the electrolyte can be accelerated by thermal stress from
internal and external heat sources in combination with undesirable side reactions at
the electrode—electrolyte contact. Investigating low- and high-Ni content NMC using
single-solvent LiPF6-based electrolytes by Zhang et al. has revealed new information re-
garding the higher interfacial reactivity for charged Ni-rich NMC cathodes and the crucial
impact the electrolyte solvent plays [101]. This study reveals that there is an inherent
connection between the deterioration of the cathode surface and sub-surfaces and the
amount of lattice oxygen loss from NMC, which was shown to be dependent on both
the Ni-content and the electrolyte solvent. The number of charge—discharge cycles that
occur once a battery’s usable capacity drops to 80% of its initial value is known as the
cycle life. LIBs typically display two-phase capacity degradation behavior, which denotes
that the capacity first deteriorates slowly before experiencing an accelerated degrada-
tion that begins at a specific beginning point. This phase, which is sometimes referred
to as the knee point, is crucial to the cell cycle as a whole. The combination of internal
chemical reaction, external charging/discharging circumstances, and battery environment
affects the development of knee point [102]. Following this, the capacity will quickly drop
very significantly.

3.3. Temperature

Lithium-ion battery performance and deterioration are significantly influenced by
temperature. Temperature variations can have an effect on the electrochemical processes
taking place inside the battery, hence compromising its general health.

3.3.1. High Temperature

High temperatures have a significant impact on lithium-ion battery performance and
safety in a number of different ways. The battery’s chemical processes are accelerated by
elevated temperatures, which can be caused by external factors or internal heat produced
during cycles of charging and discharging. This involves the electrolyte breaking down
and an increase in electrode—electrolyte interface reactions, which increases the possibility
of thermal runaway. Furthermore, on electrode surfaces, high temperatures hasten the
creation and expansion of the solid—electrolyte interface. While the SEI is necessary for
battery operation, too much development can increase internal resistance and reduce the
efficiency of ion transport. Furthermore, the elevated temperature raises the possibility of
dendrite development, particularly in lithium metal anodes. LiCoO; and LiMn,O4 cathode
capacity variation was investigated by Gao et al. [103]. Thermal aging was applied to
the LiCoO; and LiMn,Oy cathodes for 10 and 6 days, respectively, at 75 °C. Following
age treatment, discharge patterns of these two cathodes demonstrated a significant loss
of capacity. Almeida et al. [104] examined the aging process of LIBs based on Li (Ni, Mn,
Co0)O, (NMC). The tested battery’s capacity lost 7.5% when it was cycled at 85 °C and 22%
when it was cycled at 120 °C. Two potential explanations for the aging deterioration were
presented by means of characterization techniques that allowed for the assessment of the
binder and SEI changes during the aging process. The anode surface had been moved to by
the polyvinylidene fluoride (PVDF) binder, which prevented the intercalation of lithium
ions. Conversely, at high temperatures, the carbonates species vanished, and the inorganic
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species multiplied at the SEI layers, increasing the internal resistance of the batteries. Kalaga
et al. [105] examined the impact of temperature on the rate of capacity deterioration of a
Sony Prismatic LIB during aging from 25 °C to 55 °C using the electrochemistry-based
electrical (ECBE) model. Increasing the temperature within the measured range partly
boosted the battery’s capacity but also sped up the rate at which the capacity degraded
during cycling [106].

3.3.2. Low Temperature

Lithium-ion battery performance is significantly impacted by cold temperatures, pri-
marily impacting internal resistance and ion mobility. The mobility of lithium ions in the
battery is reduced in cold environments, which slows down electrochemical processes.
At a temperature of 0 or below that, lithium-ion batteries started to degrade [107]. Ac-
cording to Naga Subramanian, Panasonic 18,650 LIBs had power and energy densities of
about 800 W/L and 100 Wh/L at 25 °C. At —40 °C, these values decreased by 98.75% and
95% to less than 10 W/L and ~5 Wh/L. When the operating temperature dropped from
25 °C to —15 °C [103], it was also discovered that the state of charge (SOC) of a LIB, which
is defined as the ratio of the current residual capacity to the overall available capacity, re-
duced by almost 23% [104]. An improved electrolyte formulation of 1.0 M LiPFg in ethylene
carbonate (EC)—propylene carbonate (PC)—ethyl methyl carbonate (EMC) (1:1:8 by wt)
with 0.05 M CsPFg was also reported by Tang et al. [108]. For the batteries tested at —40 °C,
this formulation allowed for a capacity retention of 68%, whereas the batteries with the
standard formulation only demonstrated a 20% capacity retention. Lithium difluoro phos-
phate (LiPO,F,) is one particular electrolyte addition that has been shown to be useful in
enhancing LIB performance at low temperatures [109]. Another significant element that
plays a role in the performance reduction in LIB at low temperatures is the rise in charge-
transfer resistance. It has been observed that LiFePOy4-based cathodes exhibit a three-fold
increase in charge-transfer resistance at —20 °C compared to ambient temperature [105].
Reduced capacity and power production result from slow ion movement, which is espe-
cially noticeable during discharge cycles. Furthermore, the battery’s internal resistance
increases in a cold environment, obstructing the free passage of ions [110]. Particularly in
scenarios with high demand, the higher internal resistance lowers overall efficiency and
causes voltage dips. Moreover, the electrolyte may partially solidify in extremely low tem-
peratures, which would impair its capacity to efficiently promote ion mobility [93,94]. The
battery’s performance is further hindered by this solidification, which eventually causes
capacity reduction.

Several temperature modeling techniques has been shown in [98,111,112]. The tem-
perature of the lithium-ion battery could be assumed from the simplified energy balance
which is shown in the following equation [93]:

6T

qr = I.(V — Um,g) +1.T (19)
where, [ is the cell current, V is the cell voltage, Uy is the open circuit voltage, T is the

absolute temperature, (V — Uqyyg) is the cell over potential, I.(V — Uayg) is the polarization

Ugpe - . .
heat, and I.T—7* is the reversible entropic heat.

3.4. Calendar Aging

The slow deterioration of a lithium-ion battery performance over time, even when it is
not in use, is known as calendar aging [25]. Calendar aging is related to time passing, as
opposed to cycle aging, which is caused by charging and discharging cycles [95]. Calendar
aging is greatly influenced by variables including temperature, charge level, and storage
circumstances. Keli et al. shows that calendar aging strongly depends on the graphite
electrode which is the main driver of capacity fade [25]. This study also revealed that
if the graphite anode lithiated more than 50%, the low anode potential will accelerate
the loss of cyclable lithium. As the battery ages, slow-moving chemical processes take
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place inside it, forming solid—electrolyte interphase (SEI) and other degradation products.
Alsagri et al. demonstrated that the loss of cycleable lithium as a result of SEI layer
formation is the primary cause of capacity decline during calendar aging [96]. When
compared to a fresh cell, this might explain the thermal behavior of the electrodes in
their older form. Because the previous state’s SEI layer is more prominent and undergoes
exothermic breakdown, the onset temperature is lowered. Simultaneously, the aged anode
releases a lot less total energy. This is because there is less intercalated lithium in the aged
anode’s charged state, which might react with the electrolyte during the thermal tests. This
procedure may cause the battery’s capacity to decrease, its internal resistance to rise, and
its overall performance to decline [113]. However, because the old cathode’s potential
in the charged state remains unchanged, the aged cathode/electrolyte process does not
exhibit any appreciable divergence from its thermal behavior. The aged lithium-ion cell’s
somewhat higher heating rate over 200 C can be attributed to the cathode’s larger surface
area. Increased internal resistance is a result of the solid—electrolyte interphase (SEI) layer
on the electrode surfaces forming and rebuilding over time.

The degradation of active materials in batteries is caused by unwanted side reactions,
which have an adverse effect on the battery’s overall performance. The effective surface
area for electrochemical reactions can be decreased and the battery’s capacity affected by the
agglomeration and development of active material particles as well as lithium plating on the
anode under specific circumstances [114,115]. Since these aging processes are accelerated
by elevated temperatures, temperature regulation is essential for reducing calendar aging.
Manufacturers concentrate on developing efficient electrolytes, optimizing battery materials,
and putting in place cutting-edge battery management systems in order to overcome these
obstacles and increase the longevity and functionality of lithium-ion batteries [116]. Several
calendar aging modeling techniques have been shown in [117-120]. Suri et al. presented a brief
review about the electrochemical, semi-empirical, and data-driven models [121]. Calendar
aging of lithium-ion battery can be explained by the Arrhenius equation [121].

Quss = F(5OC exp (~Es S ) 20

where, both f(SOC) and E,;(SOC) are the SOC dependent terms, R is the gas constant, and
z is the power law parameter used to denote the dependence of time parameters.

3.5. State of Charge

In lithium-ion batteries, battery degradation due to SOC is the result of keeping the
battery at a certain charge level for lengthy periods of time, either high or low. This
causes the general health of battery to gradually deteriorate. Long-term full-charge times
(high SOC) can lead to the production of unwanted byproducts such the solid-electrolyte
interphase (SEI) layer on the electrode surfaces. The ongoing development of this layer
may raise internal resistance, restricting the movement of ions and electrons within the
battery and eventually lowering its capacity. However, persistently using the battery at low
SOC levels may cause lithium plating, or the accumulation of lithium metal on the anode.
Bui et al. performed an experimental investigation on five cells subjected to calendar aging
for 12 months and the results indicate that the worst calendar aging conditions are 45 °C
and 50% SOC [122]. The SOC gradually increases with continuous voltage charging until
the battery is almost at capacity. When the voltage is maintained during charging, the SOC
rises until it reaches almost full charge, at which point the voltage is kept constant while
the SOC moves closer to saturation. Guena et al. found that 90% of the cycling degradation
occurs due to the constant voltage [123]. There is a strong relationship between SOC and
battery degradation. Many studies find that increasing degradation can be seen in the
lower SOC [124-126]. This can be explained by the fact that when the cell discharges the
impedance of the cell will be increased, which results in more self-heating and reduces
power capabilities. Lin et al. presented the effect of minimum SOC on a battery at 30 °C
with 25-45% minimum SOC and the results show an exponential increase in degradation
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at higher SOC [127]. However, in [128], a negligible degradation is found with higher SOC
cycled with a C rate of 10 C. The authors used the Arrhenius equation for modeling which
is given below.
— Ea + n I 2

P Roa7315+ T

The safety and capacity of the battery are adversely affected by lithium plating. There
are several charging strategies which may mitigate this degradation. Wright et al. proposed
a state-of-charge pre-conditioning model and this method does not accelerate the battery
degradation and was also able to mitigate battery degradation by 7.3% to 26.7% for the first
100 days of operation [111].

Qloss = (‘XSOC + ,B) (21)

3.6. Depth of Discharge

The depth of discharge in a lithium-ion battery is the proportion of its total capac-
ity that has been utilized during a single discharge cycle, expressed as a percentage.
For instance, if a battery with a capacity of 100 ampere-hours has been discharged by
50 ampere-hours, the DOD is 50%. The monitoring and managing of DOD are critical for
optimizing the performance and lifespan of lithium-ion batteries. Generally, shallower
discharges (lower DOD) contribute to extended battery life, and battery management sys-
tems often regulate DOD to strike a balance between maximizing energy storage capacity
and preserving the longevity of the battery. Many studies found that an increasing DOD
reduces the cycle life of a lithium-ion battery, which triggers the fast degradation of the
lithium-ion battery [129-131]. Guana and Lebnac presented an experimental investigation
on the effect of DOD on the battery cycle life of a lithium-ion battery and the results indicate
that that increased DOD reduces the cycle life and increases the capacity fade, which is
closely related to battery degradation [112]. This study also found that over a four-month
period, microcycling at a capacity of 0.6% did not result in any performance impairment.
Thirty-two full cycles were completed at this time. Furthermore, about sixteen thousand
0.6% microdischarges were carried out.

Effective DOD management is essential in various applications, including electric
vehicles and portable electronics. Deep discharge cycles increase the risk of lithium plating
forming on the anode of a battery, which can result in dendrite formation and risk its
capacity and safety. Deeper discharge cycles also put more stress on the active materials
in the electrode, which can lead to chemical and physical changes such as cracking and
electrode structural degradation. Youksek and Alkaya illustrated a complex relationship
between DOD and battery degradation [112]. The authors claim that battery degradation
and lifetime is directly impacted by DOD. Higher DoD levels, which are indicative of
deeper discharges, put the battery under more stress throughout each charge-discharge
cycle. Increased mechanical stress, heat production, chemical reactions, capacity fading,
and shorter cycle life are all caused by this increased stress. Many studies claimed that
DOD can be modeled based on the Wohler curve and according to their findings, model
degradation is exponentially dependent on the DOD. The equations are as follows [112]:

CL(DOD) = ae?POP  ¢#POP (22)

where, CL(DOD) is the cycle life as a function of DOD and 4, b, ¢, d are the curve fit parameters.

Increased internal resistance is a result of the solid—electrolyte interphase (SEI) layer on
the electrode surfaces repeatedly forming and reconstructing during discharge and recharge
cycles, especially at high DOD [32]. This eventually results in decreased performance as
the battery’s ability to transport ions is diminished [132]. Deeper discharges also increase
the battery’s temperature, which speeds up chemical reactions and encourages degradation
processes. Tables 2—-4 shows the impact of DOD on battery life cycle, comparison of
performance parameter of different types of lithium ion battery and Cycle life of different
kinds of lithium-ion batteries respectively.
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Table 2. Impact of DOD on the cycle and the lifetime of lithium-ion battery [112].

Number of Cumulative Equivalent Number

DOD Num::)e]r)(;ieCycle Full Discharge Discharge Capacity to Egpciztf:Il{\Ie E:nggf of Full Cycle to Reach
to Date Date y EOL
50% 407 15 11,760 Ah 1300 650
60% 351 13 11,930 Ah 680 400
70% 305 12 11,820 Ah 680 400
80% 276 10 12,380 Ah 300 240
90% 110 10 5600 Ah 300 250
100% 60 60 3030 Ah 180 150

Table 3. Comparison of the performance parameters of the different types of batteries [133].

Parameters Lead-Acid Ni-Cd Ni-MH Lithium-Ion

Energy density(W/kg) 30-50 45-80 60-120 110-160

Power density 180 150 250-100 1800

Nominal voltage 2V 125V 125V 3.6V

Overcharge tolerance High Moderate Low Very Low

Self-discharge Low Moderate High Very Low

Operating temperature —20-60 °C —40-60 °C —20-60 °C —20-60 °C

Cycle life 200-300 1500 300-500 500-1000

Table 4. Cycle life of different kinds of lithium-ion batteries.

Reference Battery Type Factors Temperature DOD SOC C-Rate Throughput
[117] LFP SOC,DOD, C, T 25-40 °C 12.5-75% 30-70% 1-1.82 900 FEC
[134] NMC SOC,DOD, C, T —10-50 °C 10-100% 20-80% 1/3-2 900-1 K FEC
[135] LMO SOC, DOD, T 20°C 50-75% 75-100% 1 4 k-8 k FEC
[136] NCA T,C 40-50 °C 20-65% 60-85% 18 4 K FEC
[118] LCO SOC,DOD, T 0-60 °C 3-80% 0-100% 1/5 10 k FEC

4. Key Effect of Battery Degradation on EVs and Energy Storage Systems

Battery degradation poses significant challenges for energy storage systems, impacting
their overall efficiency and performance. Over time, the gradual loss of capacity in batteries
reduces the system’s ability to store and deliver the expected amount of energy. This
capacity loss, coupled with increased internal resistance and voltage fade, leads to decreased
energy density and efficiency. As a result, energy storage systems experience a shortened
cycle life, reduced power output, and increased maintenance costs.

4.1. Capacity Fade

The steady decline in a battery’s capacity to store and release energy over time is
referred to as capacity fade in battery energy storage systems (BESS). This phenomenon
is especially important for rechargeable batteries used in energy storage systems, grid
storage, and electric vehicles, among other applications. Numerous reasons contribute to
degradation, including the impact of high operating temperatures, structural changes in
electrodes, unintentional side reactions producing byproducts that interfere with normal
functioning, and chemical and electrochemical processes during charge and discharge
cycles [31,137]. The amount of regular charge and discharge cycles, or cycling depth, in
addition to the charge level, might affect how quickly capacity fades.

Battery degradation affects each battery cell in the battery energy storage system
(BESS), which in turn causes capacity fading throughout the system. Waldmann et al.
estimated an 18% capacity fade in lithium Lip ggNiCoO, during the first charge discharge
cycle [44]. Generally, BESS is made up of multiple interconnected batteries, and the system’s
total performance and storage capacity are impacted by the individual cells” deterioration
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combined. The interior components of a battery cell gradually change as a result of the
chemical and electrochemical processes that occur during charge and discharge cycles.
Within individual cells, accumulation of byproducts takes place, such as the development
of solid—electrolyte interfaces (SEI) or dendritic growth [119]. Li et al. said that the SEI layer
growth is the major contributor of the capacity fade of a lithium-ion battery [120]. This
study also found that after 1000 cycles, 4.45% and 4.46% capacity fade has been observed
for the regenerative and non-regenerative cases, respectively. The ability of each cell to
store energy decreases as a result of this degeneration. Temperature has a great impact
on the capacity fading of a lithium-ion battery. Lam and Bauer investigated capacity fade
at different temperatures such as —20 °C, 0 °C, 25 °C, and 40 °C and the results of this
temperature stress factor study excluded the cell that cycled at —20 °C due to extreme
capacity fading, which made it impossible to define the rate of fading. The total effect of
several cells experiencing capacity fade is a decrease in the BESS’s capacity to store and
distribute energy. Degraded capacity cells may not contribute as efficiently to the system’s
overall energy production, which might result in decreased system dependability and
overall performance [124,138]. Various models used to estimate capacity fade have been
found in different studies [25,139,140]. Wood et al. used the following equation to estimate
the capacity fade of the lithium-ion battery [97]:

Q = a.exp(b.k) + c.exp(d.k) (23)

where Q is the battery capacity, K is the number of cycles, a and b is the constant related
to the internal impedance and c and d indicate the aging rate. Figure 6 illustrates a cross-
sectional view of a lithium-ion battery.
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Figure 6. Cross-sectional image of capacity fade of lithium-ion battery, (a) fresh, (b) 1000, (c) 2000,
and (d) 3000 cycles [119].

4.2. Reduction in Energy Density

A battery may only go through a certain number of charge and discharge cycles before
its capacity decreases to a certain point [125,126]. This is known as the limited cycle life of
a battery energy storage system, or BESS. As it establishes the maximum number of times
a battery may be charged and discharged without compromising performance, cycle life
is an important aspect of energy storage systems’ efficacy and lifespan [124]. The cycle
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life of a battery is frequently shortened by internal processes that take place with each
cycle, including mechanical deterioration, heat stress, and chemical and electrochemical
reactions [141]. The ability of a BESS to supply energy storage consistently and steadily over
an extended length of time is impacted as its overall efficacy and reliability are undermined
as its cycle life shortens. Troltzsch, et al. investigated the efficiency degradation of two types
of lithium cell: NMC and LFP, which are affected by the calendar aging, [142]. Comparison
of efficiency degradation of NMC and LFP have shown in Figure 7. In this study, the cells
are experimented in 60 °C and 100% SOC, where it has been observed that after 190 days,
the overall efficiency of the cell is reduced by 9% for the NMC and 1% for the LFP cell, and
the capacity fade reached 37%. The composition and arrangement of the batteries” active
components vary as a result of chemical processes that occur throughout each cycle of
charging and discharging. The slow deterioration of the battery cells can be accelerated by
this aging process, which can frequently be accelerated by factors like temperature changes
and cycling depth [143]. Gradually, the accumulation of aging effects in individual cells
reduces the BESS’s overall capacity to store energy. The aging process of the overall energy
storage system is accelerated by the growth of dendrites, the formation of solid—electrolyte
interfaces, and thermal stress.

100%

90%

—e—0 days
63 days
126 days

—e—160 days

—e— 190 days

SOC Efficiency Days

(a) NMC

—e—0 days
—e—42 days
—e—73 days
—e—113 days
—e—151 days
—e—226 days
259 days
=26 294 days
20% 337 days

—e—378 days

10%

0%
SOC Efficiency Days

(b) LFP

Figure 7. Efficiency degradation of lithium-ion cell due to calendar aging of (a) NMC
and (b) LFP [124].
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4.3. Increase in Internal Resistance

The performance of a battery energy storage system (BESS) can be greatly impacted
by increased internal resistance, which can result from a number of different causes. This
increase in resistance is frequently the result of the battery aging and degrading, a process
that is sped up by frequent cycles of charge and discharge. Battery degradation also affects
EV batteries. Fanoro et al. finds great fluctuations in voltage and increasing internal
resistance of EV batteries for lithium polymer batteries which are comparatively higher
them any other batteries [129]. The observed rise in internal resistance is attributed to a
number of factors, including the creation of solid—electrolyte interfaces (SEI), high operating
temperatures, cycling depth, and dendritic growth in some chemistries, such as lithium-ion
batteries. Increased internal resistance has a variety of effects. Yang et al. claimed that
internal resistance increased mostly at 82% of SOH for an EV battery [130]. Because more
energy is lost in the battery during operation, the BESS’s overall efficiency is decreased.
Voltage stability is also impacted by a voltage drop across the battery terminals during
high-current applications. The heat produced by the resistance presents problems for
thermal control and may hasten the deterioration process.

An increasing amount of internal resistance frequently results in capacity fade, which
is characterized by a progressive decrease in the BESS’s ability to store energy [131]. The
internal resistance of the lithium ion can be estimated by the following equations [144]:

3%; =Aev%e+Be1'f+Le(y_}7) (24)
V= fe(Xe,u)
fo(Fe,u) = Voo (2) = V) — Vo — Ru (25)

When the extended state estimation R; is multiplied by the input u, and it might
make fine-tuning the feedback gain L, more challenging, L. represents the extended state’s
dynamics.

4.4. Reduction in Overall Efficiency

Through several interconnected factors, battery degradation poses a serious threat
to a battery energy storage system’s overall efficiency. In an experimental study Kassem
et al. showed a complex relationship between degradation and efficiency [145]. Authors
experimented with two different types of lithium-ion batteries; NMC and LFP batteries
where it has been shown that NMC and LFP cells age differently from one another. While
the degradation curves of NMC cells show a two-phase concave degradation tendency,
those of LFP cells exhibit a typical convex form. However, in both cases, loss of active
material not only reduces lithium inventory but also quickens battery deterioration and
lowers columbic efficiency (CE) values which leads to an overall efficiency reduction. The
increase in internal resistance that occurs because of aging, chemical changes, and thermal
stress during charge and discharge cycles is one important component. Because more
energy is lost as heat as a result of this increased internal resistance, the overall efficiency of
the battery is decreased.

Battery degradation also impacts on the overall efficiency of EVs. Table 3 presents a
summary of the performance parameters of different types of lithium-ion battery. Darma
et al. claimed that battery degradation decreases the travel range of EVs which leads to a
decrease in the overall efficiency of EVs [146]. Another aspect of deterioration is capacity
fade, which over time reduces the battery’s capacity to store and distribute energy and has
an immediate effect on the BESS’s energy efficiency [9,147]. Older batteries may also have
reduced energy retention, faster rates of self-discharge, and less stored energy accessible
for use when needed [139,140]. Voltage instabilities, stemming from degradation-induced
fluctuations, further undermine the efficiency of power conversion systems within the
BESS [148,149]. Moreover, increased heat generation during degradation processes con-
tributes to thermal stress, exacerbating efficiency losses. An analysis applies the state-level
operation condition to the EV energy operation model by considering the battery degrada-
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tion effect on mid-size EVs with a 24 kWh lithium-ion manganese oxide (LMO) battery pack
in order to investigate the impacts of battery degradation on the energy consumption and
GHG emissions of EVs in the USA. According to the study, due to a 10-year battery deterio-
ration, the unit energy consumption and GHG emission increases vary from 29.2 Wh/km
in Alaska to 127.4 Wh/km in Mississippi, and 0.2 g CO, /km in Vermont to 56.9 g CO,/km
in Indiana, respectively [137,150,151]. A summary of the impact of degradation factors on

lithium-ion batteries has been presented in Table 5 [152].

Table 5. Impact of degradation factors on battery anode and cathode.

Degradation Factor

Affected Battery Parts

Effects

Reference

High Temperature

Anode

1. Decomposition of the blinder causes
mechanical instability.

2. Increased SEI layer and reduced accessible
surface area as a result of SEI.

3. Decomposition of the electrolyte yielding
the cycleable lithium ion and further SEI
development.

4. Phase change brought on by material
dissolution in an active material.

[28,93,124,153,154]

Cathode

1. Elevation in phase transitions within
active materials.

2. Gas evolution and loss of cycleable lithium
as a result of electrolyte oxidation.

3. Blinder decomposition.

[144,155]

Low Temperature

Anode

Lithium plating at high SOC during
charging.

[43,129,156]

Depth of Discharge (DOD)

Both anode and Cathode

1. Fragmentation brought on by mechanical
stress.

2. Because of the value change while cycling,
it comes into contact with the LAM particle.

[157-159]

High SOC

Anode

Lithium plating at high charging rates.

[158,160]

Cathode

Current collector corrosion.

Both Anode and Cathode

1. Electrolyte decomposition.
2. Formation of blinders.

Low SOC

Anode

Current collector corrosion.

[161,162]

Cathode

Transition metal dissolution.

Both Anode and Cathode

1. Electrolyte decomposition
2. Formation of blinders.

Calendar Aging

Anode

1. Due to calendar aging, anode material
degraded which results in capacity fade.
2. Increase internal resistance.

3. Capacity fade.

[135,163]

Cathode

1. Increase in voltage irreversibility.

2. Degradation of electrolyte compatibility.
3. Changes in the cathode material which
results the cracking, phase transition, and
formation of surface film.

[152,164]

5. Data-Driven Approaches for Estimation of Battery Degradation
5.1. Support Vector Machines (SVM)
Battery deterioration is predicted using a machine learning approach called support

vector machines (SVM). SVM models anticipate the degree of battery degradation or
estimate the battery’s remaining usable life by using historical data and battery performance
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characteristics, including voltage, current, temperature, and cycle count [165]. SVMs
function by determining the best hyperplane with the largest margin that divides data
points from several classes or regression objectives. With kernel functions, they provide
robustness against overfitting, efficiency in high-dimensional areas, and the capacity to
manage nonlinear interactions [166]. Li et al. presented a novel SVM-based technique for
battery degradation prediction by RUL and the results indicate that the proposed model
is 99.89% accurate and RMSE is 0.11% [153]. Chen et al. proposed a capacity degradation
prediction model for a lithium-ion battery based on SVMs and the authors claimed that
the artificial bee colony and support vector regression model can predict more accurately
compared to other state-of-the-art algorithms [165].

5.2. Relevance Vector Machines (RVM)

Battery degradation prediction using relevance vector machines (RVMs) is a machine
learning technique that leverages historical data and pertinent characteristics taken from
battery performance indicators to estimate battery deterioration and remaining usable
life. Support vector machines (SVM) and Relevance vector machine (RVMs) function
similarly; however, RVMs’ probabilistic structure and their sparsity of model parameters are
different. With benefits including automated feature selection and prediction uncertainty
calculation, RVMs seek to identify the most pertinent data points (vectors) to forecast battery
deterioration [154]. Cong et al. proposed a hybrid model (Broad Leaning-Relevance Vector
Machine) for RUL prediction of lithium-ion batteries and the results indicate that the
proposed model has higher accuracy and strong long-term predictive capability [167].
This study also revealed that the RMSE of the model is 0.01. In another study, Nash et al.
proposed another hybrid model to predict the RUL of a battery, where the authors showed
the model has a relative prediction error of 3.3% and 3.21%, respectively, for two unseen
datasets [168].

5.3. Gaussian Process Regression (GPR)

Modeling the link between input parameters and degradation levels, Gaussian Process
Regression (GPR) is a machine learning approach used to forecast battery deterioration.
GPR is capable of estimating the output’s mean and variance at every given input point
since it is predicated on the idea that the output data have a Gaussian distribution [169].
GPR forecasts the degree of deterioration and calculates the battery’s remaining usable
life by utilizing past data on battery performance characteristics, such as voltage, current,
temperature, and cycle count. Chinomona et al. presented a GPR-based battery degradation
diagnosis model for lithium-ion battery [170]. This study reveals that the use of an aging
dataset, C rates variation data, temperature, and user profiles leads to higher prediction
accuracy. This model had a mean absolute error of less than 0.1 and a coefficient of
determinant greater than 0.9. In another study, Sengupta et al. proposed a GPR-based
hybrid model of battery capacity degradation [171]. The mean absolute percentage errors
of predicted battery capacity degradation were less than 0.4%.

5.4. Deep Learning

By using neural network architectures, most often deep neural networks (DNN), deep
learning is used to estimate battery deterioration and remaining usable life based on past
data as well as several performance characteristics. Depending on the unique features
of the battery degradation data, these models might be convolutional neural networks
(CNN), recurrent neural networks (RNNs), or mixtures of the two. Nutakki et al. presented
a review of the different deep learning techniques of different degradation prediction
models [172]. Compared to the other degradation models, the deep learning method
showed higher prediction accuracy which is 90%. Using a typical long short-term memory
(LSTM) model, May et al. [156] created a technique for estimating the remaining useful life
(RUL) of lithium-ion batteries. The study used a systematic sampling strategy to efficiently
gather battery data features from many metrics and provide a full 31-dimensional dataset.
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Pang et al. [157] trained the LSTM model with the 18 characteristics that were obtained
using a statistical sampling technique. Almuhaylan et al. proposed a model for battery
degradation trajectory prediction and the model shows that with normal data, the lifetime
median prediction error is 1.1%, while with noisy data, it is 1.3% [158].

5.4.1. Artificial Neural Network (ANN)

The modeling of battery deterioration made possible by artificial neural networks
(ANN) is a strong foundation for forecasting battery health and remaining usability. Ar-
tificial neural networks can efficiently learn complicated correlations between several
parameters, including voltage, current, temperature, and cycle count, by gathering and
preprocessing data from battery-monitoring systems or experiments [159,160]. The main
components of a simple artificial neural network model are usually one input layer, one
hidden layer, and one output layer. The input layer receives input data initially, processes
them, forwards them to the hidden layer, and then the output layer generates results [161].
Jafari et al. presented a new ANN-based model to predict the degradation of lithium-ion
battery [162]. The results indicate that the new model showed robustness against varying
temperature and varying loads [163]. Lu et al. proposed a novel ANN-based battery
degradation prediction model for lithium-ion batteries and the authors claimed that the
proposed model is able predict battery degradation with 5.9% error [173].

5.4.2. Long Short-Term Memory Neural Network

Recurrent neural networks (RNN) with long short-term memory (LSTM) architecture
are particularly good at modeling sequential input and capturing long-term relationships.
Based on past performance data, LSTM networks are used in the context of battery degra-
dation prediction to anticipate the deterioration and remaining usable life of batteries.
Because LSTM networks are capable of capturing temporal patterns and dependencies
in the behavior of the battery over time, including voltage profiles, current fluctuations,
temperature changes, and cycle counts, they are a good fit for this purpose. LSTM net-
works may learn intricate correlations and accurately estimate future deterioration levels or
remaining lifespan by examining sequential data. Ren et al. presents a CNN-LSTM model
and the model achieved 99.6% accuracy in partial discharge voltage and its prediction error
is greater than 99% for capacity estimation prediction [174].

5.4.3. Gated Recurrent Unit Neural Network

Sequential data modeling is a strong fit for the gated recurrent unit (GRU) kind of
recurrent neural network (RNN) architecture. GRU networks are used in the context of
battery degradation prediction in order to anticipate the deterioration process and calculate
the batteries’ remaining usable life based on past performance data [175]. Because they
can record long-term dependencies and temporal patterns in the battery’s activity over
time, such as voltage swings, current profiles, temperature changes, and cycle counts,
GRU networks are especially well suited for this purpose. GRU networks may discover
complex correlations and forecast future battery degradation levels or remaining lifespan
by examining sequential data [176]. Haris et al. presented a case study about a battery
degradation prediction model based on recurrent neural network, where 77 commercial
batteries are used as test sample [177]. The experimental results showed that the median
root means square error of this model were 2.4% for the NMC/graphite batteries and 2.3%
for LFP/graphite batteries, using only 3.8% of data regarding the whole battery life.

5.4.4. Convolution Neural Network

The capabilities of CNN architectures—which were first created for image processing
tasks—are utilized by convolutional neural networks (CNN) for battery deterioration
prediction, which analyzes sequential battery performance data. CNNs are used in this
context to extract pertinent characteristics from the input data, which usually consist
of time-series data like voltage, current, temperature, and cycle count [52]. CNNs are
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able to extract both spatial and temporal patterns from the battery performance data by
utilizing convolutional layers. These patterns could be an indication of usage patterns,
deterioration tendencies, or other elements affecting battery health. CNNs can forecast
future deterioration levels or calculate the amount of battery life left by using existing
data. A convolution neural network-based model has been presented in [175] for battery
degradation diagnosis and prediction, and the results illustrate that the root mean square
error is around 2% for 100 duty cycles, which is 2.64% to 7.27% better than the other
algorithms. In another study, a degradation curve prediction model for lithium-ion batteries
has been presented [174]. This study shows that the proposed model is successfully able
to predict the degradation of a lithium-ion battery, with the root mean square error being
0.005 and the mean absolute percentage error being 0.416. Table 3 shows the summary
of recent progress on data-driven techniques of battery degradation estimation. Table 6
summarizes the different data-driven approaches.

Table 6. Various kinds of data-driven approaches for battery degradation prediction.

Techniques Accuracy Advantages Disadvantages Reference
In order to support proactive When it comes to ef.fectively simulat'%ng
maintenance plans, ANN can the changing bghamor and degradation

o effectively anticipate degradation, processes seen i battery systems over

ANN Error 5.9% adapt to a variety of battery types time, artificial neural networks fall short [173]
and capture complicated ’ in their intrinsic abili.ty to grasp
correlations in battery data. temporal dependencies and long-term

trends in time series data.

The primary drawback of using support
Root mean SVM is useful for precise estimation ~ vector machines (SVM) to estimate
square error is  of battery deterioration because itis  battery deterioration is that it is very

SVM 0.11%. good at handling high-dimensional =~ dependent on the kernel function [166]

Model data, resilient against overfitting, selected and requires parameter
accuracy is and successful in nonlinear adjustment, which can lead to a
99.89%. relationships. computationally complicated and
complex model.
Relevance vector machines offer relevanc.e vector machines are less .
sparse solutions, which maximize appr.opr.late forbig dat;.asets or realjtlme
Relative computational efficiency and app llclatlp ns dgel to their comp ut.a tional
RVM prediction improve model interpretability. This co}rln plexity an d ;)nger tlialnmgdtlin?sk [168]
error 3.3% is the fundamental benefit of using ‘gvﬁl rcf(})lmpare O sumpier mode's ke
RVMs to estimate battery - This is the func'lamentaI drawback
deterioration. of using RVMs to estimate battery
deterioration.
The capacity to provide probabilistic
forecasts, which provide insights Due to its high memory needs and
Mean into uncertainty levels and facilitate =~ computational complexity, gaussian
GPR absolute better-informed decision-making in  process regression is not as useful for [171]
percentage battery health management, is the anticipating battery deterioration in
error 0.4% primary benefit of gaussian process  real-time scenarios, especially when
regression (GPR) for estimating dealing with huge datasets.
battery deterioration.
The capacity of deep learning to The primary drawback of deep learning
automatically identify complicated  for battery degradation estimation is
patterns and correlations from that it is susceptible to overfitting,
Median .complex k?att.eljy performe.ance data is esp.e?ially when there is a dearth gf
DL prediction its most significant benefit for training data. Because deep learning [158]

error 1.1%

evaluating battery degradation. This
ability to produce precise forecasts
and facilitate proactive maintenance
plans makes deep learning an
invaluable tool.

models are complicated, large quantities
of data may be needed to generalize
properly and prevent them from
producing predictions that are unduly
particular.
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Table 6. Cont.

Techniques Accuracy

Advantages

Disadvantages Reference

The fundamental benefit of using a
long short-term memory network to
estimate battery deterioration is that

When trained on sparse data, LSTM
models are especially vulnerable to

LSTM Model . it can accurately forecast overfitting, which happens when the
accuracy1s degradation levels and remainin model learns to recall the training data [174]
99.6% & 5 &
usable life by capturing long-term rather than generalizing to new
dependencies and temporal patterns ~ examples.
in battery performance data.
GRU methods are particularly good = GRU networks are excellent at
at identifying long-term capturing long-term associations, but
Root mean relationships in time series data, they may struggle to recall specifics over
GRU square error is  which makes it possible for them to  very lengthy periods. [177]

2.4%

study how battery behavior and
degradation patterns change over
time.

This may limit their use in modeling
complex battery characteristics or
extended deterioration patterns.

6. Conclusions and Future Directions

Battery degradation can significantly impact BMSs and EVs. This review illuminates
the complex factors influencing lithium-ion battery degradation, stressing its crucial im-
plications for sustainable energy storage and EVs. This paper offers insights into the
multifaceted nature of battery degradation, examining its impacts on performance metrics
like capacity fade, increased internal resistance, and reduced energy density. Various degra-
dation mechanisms, including electrolyte breakdown, SEI formation, temperature, SOC,
and DOD variation, cycling, and calendar aging, are thoroughly analyzed. SEI formation in-
creases battery impedance, leading to capacity fade, while factors such as high temperature
and depth of discharge contribute to electrolyte breakdown, increasing internal resistance
and reducing capacity. SOC saturation accounts for 90% of cycling degradation. Acknowl-
edging the importance of addressing degradation challenges, this review underscores
the need for innovative, data-driven strategies to model degradation effects and improve
battery system longevity and sustainability. Based on critical discussion, information, and
analysis, this study proposes the following suggestions and future directions:

s Electrolyte breakdown and the formation of SEI are key factors contributing to bat-
tery degradation. Research into novel electrode materials, electrolytes, and coatings
can potentially result in batteries with enhanced durability, stability, and resistance
to degradation mechanisms such as electrode dissolution, electrolyte decomposi-
tion, and SEI formation. Integration of advanced nanomaterials, solid-state elec-
trolytes, and multifunctional coatings has the potential to improve battery perfor-
mance
and longevity.

n  The detrimental effects of heat stress and overheating in EV batteries can be mitigated
through enhanced thermal management systems, which incorporate active cooling,
thermal insulation, and temperature regulation. Longer battery life spans and optimal
operating temperatures can be attained by integrating advanced cooling technologies
such as liquid immersion cooling, thermoelectric cooling, and phase change materials.

= Energy consumption in EV batteries can be maximized, and degradation effects
reduced by implementing dynamic load-balancing strategies, adaptive energy man-
agement algorithms, and intelligent charging profiles. BMS can decrease losses caused
by deterioration and enhance overall battery performance by adjusting charging pa-
rameters in response to environmental conditions and battery status.

»  Theintegration of Al and ML algorithms holds great potential for predictive modeling
and optimization of battery degradation under diverse operating conditions. Lever-
aging data-driven approaches can enable proactive maintenance strategies, predictive
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failure analysis, and adaptive control algorithms, thereby enhancing the efficiency
and reliability of the battery systems.

s Real-time monitoring of battery degradation and health can be facilitated by imple-
menting advanced diagnostic techniques such as electrochemical impedance spec-
troscopy (EIS), voltammetry, and impedance spectroscopy. Lithium-ion battery sys-
tems can benefit from proactive maintenance and management enabled by the inte-
gration of sensor technologies and data analytics platforms.
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