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Abstract: Lithium-Ion Batteries (LIBs) usually present several degradation processes, which include 
their complex Solid-Electrolyte Interphase (SEI) formation process, which can result in mechanical, 
thermal, and chemical failures. The SEI layer is a protective layer that forms on the anode surface. 
The SEI layer allows the movement of lithium ions while blocking electrons, which is necessary to 
prevent short circuits in the battery and ensure safe operation. However, the SEI formation mecha-
nisms reduce battery capacity and power as they consume electrolyte species, resulting in irreversi-
ble material loss. Furthermore, it is important to understand the degradation reactions of the LIBs 
used in Electric Vehicles (EVs), aiming to establish the battery lifespan, predict and minimise mate-
rial losses, and establish an adequate time for replacement. Moreover, LIBs applied in EVs suffer 
from two main categories of degradation, which are, specifically, calendar degradation and cycling 
degradation. There are several studies about battery degradation available in the literature, includ-
ing different degradation phenomena, but the degradation mechanisms of large-format LIBs have 
rarely been investigated. Therefore, this review aims to present a systematic review of the existing 
literature about LIB degradation, providing insight into the complex parameters that affect battery 
degradation mechanisms. Furthermore, this review has investigated the influence of time, C-rate, 
depth of discharge, working voltage window, thermal and mechanical stresses, and side reactions 
in the degradation of LIBs. 

Keywords: lithium-ion batteries; electric vehicles’ batteries; degradation; ageing; failure 
 

1. Introduction 
Global interest in reducing the consumption of fossil fuels as an energy source has 

led to a search for renewable energy sources. In this scenario, the development of Electric 
Vehicles (EVs), which can be supplied by batteries, is a major contribution. However, as 
most of the sustainable energy sources are intermittent, the available energy and user con-
sumption present temporal gaps. Therefore, the design of energy storage systems to sup-
ply stationary applications, such as power grids, can contribute to the application of en-
ergy storage devices and overcome this drawback [1]. 

Furthermore, as EVs use energy storage devices (i.e., batteries) as their source, they 
are an interesting alternative to replace the usage of fossil fuels [2], as they present signif-
icant advantages, particularly the considerable decrease in carbon dioxide (CO2) 
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emissions, which is one of the main responsible gases that contribute to global warming 
[3]. Furthermore, quantitative assessments have indicated that the transportation sector 
accounts for approximately 24% of global CO2 emissions, while road, rail, and off-road 
vehicles account for 75% of these emissions [4–7] 

Several public policies have been proposed to decarbonise the transport sector, which 
includes Regulation 2019/631, created by the European Union Parliament on 17 April 2019, 
that established strict CO2 emission regulations for light commercial automobiles from 
2020 onwards. This regulatory policy requires CO2 emissions from the transportation field 
to decrease to 15% in 2025 and 37.5% in 2030 compared to 2021 [7,8]. Globally, many gov-
ernments have passed transportation CO2 emission reduction laws [7,9–13]. Although EVs 
are an alternative to decarbonise the transport sector, several challenges still need to be 
overcome, such as the price of battery modules. Although battery module prices have 
fallen in recent years, it is estimated that battery modules make up approximately 2/3 of 
the total EV cost [7]. 

Regarding the battery systems applied to EVs, LIBs are the most used because of their 
advantages, including high specific energy, low self-discharge, extended lifespan, safety, 
and cost [14–17]. During the operation of EVs, the batteries suffer from various degrada-
tion mechanisms that depend on numerous factors (e.g., road conditions, driver behav-
iour, ambient temperature, and cabin temperature) [3]. These degradation mechanisms 
can reduce battery capacity and power, resulting in a shorter EV range, which may cause 
range anxiety in customers. Furthermore, accelerated battery degradation also reduces 
charging and discharging efficiency, increasing internal resistance and shortening the bat-
tery’s lifetime [18]. 

A deeper understanding of the degradation processes of batteries will allow compa-
nies to determine the best time to replace EV batteries, optimise their design (i.e., maxim-
ise their efficiency), accelerate the product development cycle, and ensure battery safety 
for an adequate performance to operate EVs and other secondary applications. In this con-
text, vehicle manufacturers expect to replace batteries when they reach 70 to 80% of the 
initial charge range [19]. This limit is still uncertain, and many studies have reported that bat-
teries will be used below this limit. On the other hand, early battery replacement will be rec-
ommended if the battery’s degradation mechanisms are not adequately mitigated [20]. 

In terms of economic aspects, it is possible to estimate and reduce the return on the 
investment, identify new ways to capture the value, and maximise the value captured 
during the operation of batteries based on the degradation mechanisms. These systems 
can extend battery life and establish a market for second-life batteries [21,22]. From a re-
search perspective, it is possible to identify the factors that accelerate batteries’ degrada-
tion, predict the moment of battery failure, identify new viable applications, and identify 
possible defects. Thus, it is possible to design new models and solutions to overcome the 
existing issues [20]. Automating battery disassembly and categorisation requires an in-
depth understanding and accurate models of secondary-life battery degradation. There-
fore, a clearer understanding of battery degradation will enable the development of tech-
nologies focused on reducing the time and cost associated with battery disassembly and 
sorting [23]. This method reduces or eliminates the need for exhaustive battery testing, 
thereby enhancing the overall efficacy of battery lifecycle management [24]. 

Moreover, predictive maintenance is also essential to ensure battery safety, and most 
battery manufacturers provide predictive maintenance services based on vehicle distance 
travelled and lifetime. However, this process has high costs, low efficiency, and is time-
consuming. Therefore, understanding battery degradation is essential for the manufac-
turer to provide the maintenance service at the ideal moment, avoid unscheduled mainte-
nance, and reduce costs and maintenance time. Hopefully, predictive maintenance can be 
optimised using machine-learning algorithms to define the optimal time to provide intel-
ligent service based on previous maintenance history and battery operation data [25]. 

Battery degradation mechanisms are complex, and the understanding of them is not 
trivial once they are influenced by numerous factors. However, identifying the optimal 
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operating range of temperature, current, and potential for an Energy Storage System (ESS) 
is crucial for the diagnosing and prognosis of battery failures and for predicting and ex-
tending battery life. A systematic literature review is needed to understand battery behav-
iour in critical situations, predict failures and lifespan, and implement safety functions in 
the Battery Management System (BMS). 

The non-linear characteristics of the Solid-Electrolyte Interphase (SEI), lithium coat-
ing, and active material loss hinder the comprehension, modelling, and management of 
battery degradation mechanisms. Numerous events coexist and impact one another, mak-
ing the simulation of each degradation mechanism difficult. Therefore, more research is 
necessary to comprehend the battery deterioration mechanism in order to develop de-
pendable novel monitoring and diagnostic technologies. 

Usually, the degradation mechanisms are investigated in analyses carried out after 
batteries reach their lifespan, known as post-mortem analyses. In these analyses, aged cells 
are disassembled, and their components are carefully separated and individually ana-
lysed. The advantage of post-mortem analyses is that they enable the identification of the 
degradation effects in each cell’s components. However, one of the main disadvantages is 
the need to carry out stress tests on the cell to evaluate the degradation mechanisms, mak-
ing this analysis time-consuming and costly [26]. Beyond this point, post-cycling analyses 
have restrictions, as they cannot direct track structural changes during intermediate lithi-
ation/delithitation processes, as well as heating conditions. In this scenario, a plausible 
alternative is to conduct in situ/operando techniques, which can provide information 
about the SEI layer formation, lithium dendrites formation, redox mechanism, parasitic 
reactions, and morphological and structural changes under operating conditions. How-
ever, in situ analyses can be challenging, as they require the design of specific spectro-
electrochemical cells, as well as the in situ set-up [27]. 

Battery degradation comprises complex phenomena that need to be modelled and 
controlled by systems capable of keeping battery operation within operating limits, in-
creasing battery life in EVs and other applications. Several reviews are available in the 
literature, such as the study conducted by Braithwaite et al. [28], which investigated the 
current collector’s ageing mechanism for power reduction and increased battery imped-
ance. Furthermore, the effects of active material loss in the irreversible capacity loss of 
LIBs have been investigated in a work conducted by Christensen and Newman [29]. More-
over, a study conducted by Vetter et al. [30] reviewed ageing mechanisms for LIBs, focus-
ing on diagnosing battery degradation, and the authors offered prognoses, understanding 
the effects of cycling conditions on degradation, and understanding how the degradation 
mechanisms are interrelated. 

Despite the studies available in the literature that have investigated battery degrada-
tion processes, certain issues still need to be clarified, such as the formation of the Cath-
ode–Electrolyte Interface (CEI) layer. The CEI layer significantly influences the perfor-
mance of LIBs, despite being less investigated than the SEI, formed on the anode–electro-
lyte interface, which significantly affects the storage and release of Li+ during the lithiation 
and delithiation processes. Therefore, this review aims to clarify the mechanisms of LIB 
degradation, focusing on comprehensively explaining how cycle and calendar effects af-
fect degradation processes and how diagnosing and predicting these degradation mech-
anisms can contribute to battery safety and lifespan. Unlike most studies available in the 
literature, this work provides a systematic review of battery degradation mechanisms, the 
causes of battery failure, and ways to mitigate these effects. 

In summary, this work presents the working principles of LIBs and their main deg-
radation mechanisms simply and directly. Section 2 presents the motivation for this work. 
The goal of Section 3 is to answer the following questions: How do LIBs work? What are 
the main components of LIBs? Which LIB chemicals are most used in EVs? Which cell 
types are most used in EVs? What is the degradation behaviour of these cells? Further-
more, Section 3 aims to introduce the degradation of LIBs applied in EVs, including large-
format cell degradation modes. Then, Section 4 presents the degradation mechanisms of 
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LIBs, Section 5 discusses the results found in the literature, and Section 6 presents the 
conclusions of this review article. 

2. Diagnostic Methods 
The volume of data derived from batteries has increased because of technological 

advancements, particularly in Internet of Things (IoT) and smart sensor systems. This in-
formation is vital for the enhanced monitoring of batteries in EVs, facilitating their reman-
ufacturing, reuse, and recycling, and enhancing automated disassembly procedures. Ad-
ditionally, it contributes to accurately estimating battery residual value, thereby informing 
strategic decisions regarding battery lifecycle management [24]. 

The digitalisation of batteries is crucial for conducting fault diagnoses, identifying 
fundamental causes, and facilitating the efficient collection, classification, and determina-
tion of environmental implications. It facilitates detailed digital characterisation, reducing 
the need for repeated and overlapping battery supply chain examinations and signifi-
cantly optimising time and cost parameters. Recent research has shown significant ad-
vancements in the development of models to predict the State of Health (SOH) of batteries. 
These models can be categorised as electrochemical models, empirical models, equivalent 
circuit models, physical-based models, semi-empirical models, and data-driven models, 
and different classifications of models can be developed to predict battery parameters, as 
shown in Figure 1 [31–33]. 

 
Figure 1. Battery classification models. Adapted from [33], under terms of CC-BY license. 

2.1. Electrochemical Models 
Electrochemical models are used to simulate the behaviour of cells, which are accu-

rate once they are based on mathematical equations describing the chemical characteris-
tics of the cell’s materials. The main disadvantage of these models is the difficulty of de-
scribing mathematical equations. The chemical behaviour of cells and their degradation 
mechanisms are complex once many of these phenomena co-occur; they depend on nu-
merous external factors and have non-linear characteristics. From a computational per-
spective, these complex mathematical equations require a high computational cost to be 
solved, which can take a long time to model and predict. From a practical point of view, 
this model usually requires cell disassembly and the exposure of its operator to high volt-
ages, making the procedure too slow and challenging to be scalable [20,34]. 

Electrochemical models can be divided into three main categories: Pseudo Two-Di-
mensional (P2D) model, Single Particle (SP) model, and extended SP model [35]. The P2D 
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model utilizes the principles of porous electrode theory and lumped solution theory to 
accurately represent the terminal voltage of lithium-ion batteries [36]. This model de-
scribes battery reactions more comprehensively through complete order equations, and 
the main disadvantage is the iterative solution, which makes the model highly computa-
tionally expensive. The SP model simplifies some chemical reactions to reduce the com-
putational cost of the model. To simplify the model, the electrode is depicted as a solitary 
spherical particle, and the electrolyte is assumed to possess a consistent lithium-ion con-
centration and potential. An additional approach to simplify the model involves minimiz-
ing the number of variables by focusing on the sparsity and configuration of the governing 
equations. Nevertheless, the SP model exhibits a diminished accuracy in comparison to 
the P2D model [36]. Finally, the extended SP model uses simplified electrochemical equa-
tions to approximate the solution using a mathematical method and find a balance be-
tween mathematical complexity and model accuracy. 

The Electrode Average Model (EAM) battery model accurately estimates the average 
electrode voltage by integrating spatial information and atomic composition [37]. This 
model applies attention-based graph convolutional neural network methodologies, inte-
grating chemical compositions and atomic coordinates in three-dimensional space. Con-
sequently, it achieves a 17% enhancement in accuracy for predicting voltage compared to 
machine-learning models based on composition [37]. 

The EAM model directly gathers knowledge of the chemical interactions between 
electrodes and metal ions to predict their average voltage [37]. It may also include the 
predicted formation energy to enhance accuracy and enable transferability across various 
metal ions [37,38]. This advanced model is crucial for optimizing battery performance and 
exploring new electrode designs in the evolving field of battery technology. 

The Polynomial Model (PPM) using porous electrodes is a significant advancement 
in battery modelling, especially for applications such as lithium-ion batteries (LIBs) [1]. 
Porous electrodes are essential in determining battery performance, and the PPM model 
provides a complete framework for understanding how battery performance is related to 
the intrinsic physical and chemical processes occurring inside these electrodes [39]. The 
PPM model enables the examination of several internal characteristics of the battery, in-
cluding Li+ content, electrical potential, reaction rate distribution, overpotential, and im-
pedance [3]. The PPM model utilizes thermal, mechanical, and aging models to mimic 
battery temperature and voltage distribution and anticipate degradation throughout op-
eration [4]. When coupled with state observers, this model enables real-time monitoring 
of battery states for effective battery management systems [5]. 

The Single Particle Model (SPM) is a popular battery model in battery simulation 
[40,41]. It provides precise low current-level results with minimal computational effort 
[42]. SPM has been improved through the development of a Self-Correcting Single Particle 
Model (SC-SPM) using a Multipopulation Genetic Algorithm (MPGA) [42]. The SC-SPM 
has the ability to adjust measured values by taking into account changes in terminal volt-
age. This leads to more precise observations of the solid-phase diffusion process in batter-
ies [43]. Furthermore, SPM has been experimentally identified for high-power LiFePO4 
cells, showing its effectiveness in modelling battery behaviour under dynamic current 
profiles. SPM performance remains acceptable, even at high discharge peaks, outperform-
ing other models such as the Equivalent Circuit Model (ECM). Table 1 compares the dif-
ferent electrochemical models for batteries. 
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Table 1. Comparison of various electrochemical battery models. 

Model Assumption Advantages Remarks 

P2D model 

• Solid phase composed of 
multiple identical spherical 
particles. 

• Potentials and concentra-
tions in the electrolyte 
phase vary in the x direc-
tion.  

• Diffusion considered in the 
radial direction (r). 

• Describes the entire elec-
trochemical process dur-
ing battery operation. 

• Provides detailed battery 
dynamics over both space 
and time. 

• High accuracy in estimat-
ing the SOH of the battery. 

• Requires a large number of pa-
rameters for accurate model-
ling. 

• Computationally intensive 
due to the model’s complexity. 

Electrode Average 
Model (EAM) 

• Neglects concentration vari-
ations in the solid phase.  

• Considers only the concen-
tration in the electrolyte 
phase.  

• Electrolyte phase concentra-
tion is directly correlated 
with the SOC of the battery. 

• Very simple to set up with 
few parameters needed.  

• High accuracy in estimat-
ing the SOC of the battery. 

• High error in voltage predic-
tion due to excessive simplifi-
cations. 

• Significant loss of information 
regarding solid phase dynam-
ics.  

• Parameter identification is 
challenging for real-time ap-
plications. 

Porous electrode 
with Polynomial 
Model (PPM) 

• Parabolic profile describes 
each spherical particle 

• Incorporates the parabolic 
approximation with the 
P2D model. 

• Estimates the battery volt-
age at higher discharge 
rates (≥1C). 

• Voltage prediction error ∈ 
0.013–0.135%  discharge 
rate = 2C. 

• Similar complexity to other 
porous electrode models. 

• Requires detailed knowledge 
of material properties and re-
action kinetics. 

Single Particle 
Model (SPM) 

• Each electrode is repre-
sented by a single spherical 
particle. 

• Neglects concentration vari-
ations in the electrolyte 
phase.  

• PDEs of solid phase concen-
tration are simplified to 
ODEs. 

• Battery’s voltage estima-
tion accuracy is high at 
low discharge rates (<1C). 

• Voltage prediction error ∈ 
3.404–6.70%  discharge 
rate = 1C. 

 

• Inaccurate at high discharge 
rates (≥1C). 

• Voltage prediction error 
ranges from 59.37% to 67.34% 
at a discharge rate of 2C. 

SPM 

• Similar assumptions to the 
traditional SPM.  

• Considers concentration 
variations in the electrolyte 
phase. 

• More accurate at high dis-
charge rates. 

• Voltage prediction error ∈ 
19 mV  discharge rate = 
5C. 

• More complex compared to 
the traditional SPM. 

• Involves additional parame-
ters for electrolyte phase con-
centration. 

Note: SPM is widely recognized as the most dependable method for forecasting battery voltage. 
Therefore, significant research efforts are concentrated on improving the precision of the system by 
integrating degradation mechanisms and thermal dynamics in different charge/discharge scenarios, 
including mechanical stress. Source: Adapted from [44], under terms of CC-BY license. Copyright 
(2022), IEEE Xplore. 

2.2. Empirical Models 
Empirical models can be considered as a simplified electrochemical model and are 

constructed from direct measurements of battery observables [33]. Although empirical 
models do not require battery disassembly, their major drawback is performing cycle tests 
to measure the model’s variables, which can be expensive and take a long time. Empirical 
models are built for a specific scenario, e.g., batteries employed in EVs and, consequently, 
they cannot be used to forecast battery ageing mechanisms in a different scenario, such as 
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the batteries used in a second application [45]. Empirical modelling techniques are mostly 
open-loop within the context of control theory, avoiding the feedback mechanisms that 
are essential to closed-loop systems. With this design, the computational cost is signifi-
cantly reduced due to the simplification of the computational architecture [46]. 

The empirical models that are developed to estimate the SOC of batteries describe 
the SOC as a function of current through mathematical equations [33]. Table 2 shows the 
main empirical model equations that are used to predict battery SOC. In the equations 
shown in Table 2, 𝑦௞ represents the terminal voltage, 𝐸଴ represents the open circuit volt-
age when the battery is fully charged, 𝑅௜ is the internal resistance, 𝐾ଵ is the polarization 
resistance, 𝑖௞  is the instantaneous current, 𝑧௞  is the battery charge state, 𝑑𝑞 𝑑𝑡⁄   is the 
charge variation rate, 𝑘௙ is the flow constant between the compartments, 𝑞௧ is the total 
amount of charge, 𝑞௕ is the available charge, 𝑘௥ is the recharge constant, and V is the 
battery voltage. 

Table 2. Comparison of empirical models applied to batteries. 

Model 
Type 

Assumptions Advantages Disadvantages Limitations Equations Applications Reference 

Shepherd 
Model 

Linearity un-
der certain 
loading/un-
loading condi-
tions 

Simplicity of im-
plementation, 
performs well on 
lead–acid batter-
ies 

Does not cap-
ture non-linear 
dynamics 

Requires fre-
quent calibra-
tion 

𝑦௞ =  𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝐾ଵ𝑧௞  
SOC forecast, 
load capacity 
forecast 

[47] 

Un-
newehr 
universal 
model 

Empirical rela-
tionship based 
on charge/dis-
charge profile 

Versatile for dif-
ferent charging 
and discharging 
states 

Moderate com-
putational 
complexity 

Less accurate 
for extreme 
charge/dis-
charge rates 

𝑦௞ =  𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝐾ଵ ∙ 𝑧௞ SOC forecast, 
SOH forecast 

[48,49] 

Nernst 
Model 

Relationship 
between elec-
tromotive force 
and ion con-
centration 

Accurate physi-
cochemical 
model for SOC 
prediction 

Requires de-
tailed 
knowledge of 
electrochemi-
cal properties 

Difficult to 
obtain accu-
rate parame-
ters for each 
battery 

𝑦௞ =  𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝐾ଶ ∙ lnሺ𝑧௞ሻ + 𝐾ଷ∙ lnሺ1 − 𝑧௞ሻ SOC forecast, 
load capacity 
forecast 

[50] 

KiBaM 
(Kinetic 
Battery 
Model) 

The model 
concept is de-
rived from the 
kinetic model 
of charge and 
discharge 

Considers the ef-
fect of discharge 
rate for lithium-
ion 

Complexity to 
define the pa-
rameters 

Limitations in 
representing 
modern bat-
teries 

𝑑𝑞𝑑𝑡 = 𝑘௙ሺ𝑞௧ − 𝑞௕ሻ − 𝑘௥ ∙ 𝑞 
SOC forecast, 
load capacity 
forecast 

[51] 

Tremblay 
Model 

Empirical dy-
namic re-
sponse model, 
adjustable 

Easy to imple-
ment for lithium-
ion batteries 

Variable accu-
racy for differ-
ent types of 
batteries 

Requires spe-
cific perfor-
mance tests 
for calibration 

𝑉 = 𝐸ை − 𝑅௜ ∙ 𝑖௞ 
SOC forecast, 
SOH forecast 

[52–54] 

Source: Adapted from [33], under terms of CC-BY license. 

Researchers have enhanced conventional models to enhance their accuracy. When 
used in real-time applications, the Shepherd model experiences algebraic loops and sim-
ulation instability. To overcome this limitation, the model proposed in [48] replaces the 
internal resistance voltage with the polarization voltage term. Subsequently, a new 
method was proposed considering the OCV-SOC relationship and a polarization voltage 
term. Additionally, novel proposals were made to decrease the relative error to less than 
0.5% in FTP72 cycles, with execution times ranging from 2.35 µs to 4.35 µs. Another way 
to improve the Nernst model is to add two constants, 𝜏ଵ and 𝜏ଶ, to increase the model’s 
ability to describe the dynamic terminal voltage [33]. The main limitation of existing em-
pirical methods is that they present limitations during the relaxation time because they do 
not consider the hysteresis effect of the battery voltage [33]. To overcome this limitation, 
the Nernst equation incorporates the term s·M to account for the hysteresis effect, with M 
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representing the correction factor that needs to be determined [55]. Furthermore, a more 
advanced self-correction model that takes into account voltage hysteresis is suggested in 
[56]. This model incorporates the gradual hysteresis voltage based on the SOC and the 
instantaneous hysteresis voltage that varies with the direction of the current. Table 3 
shows the main equations of the modified traditional empirical models. 

Table 3. Modified empirical models. 

Model Equation Reference 𝑦௞ = 𝐸଴ − 𝐾 ∙ 𝑄𝑄 − 𝑖௞ ∙ 𝑇 + 𝐴 ∙ 𝑒ି஻∙௜ೖ∙் 

Q represents the battery capacity, A represents the amplitude of the expo-
nential zone, B represents the inverse of the time constant of the exponential 
zone, and K represents the polarization voltage. 

[53] 

Discharge: 𝑦௞ = 𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝐾 ∙ ொொି௜ೖ∙் ∙ ሺ𝑖௞ ∙ 𝑇 + 𝑖∗ሻ + 𝐴 ∙ 𝑒ି஻∙௜ೖ∙் 

Charge: 𝑦௞ = 𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝐾 ∙ ொ௜ೖ∙்ି଴.ଵ∙ொ ∙ 𝑖∗ − 𝐾 ∙ ொொି௜∙௧ ∙ 𝑖௞ ∙ 𝑇 + 𝐴 ∙ 𝑒ି஻∙௜ೖ∙் 𝑖∗ represents the current that has been filtered through the polarization re-
sistance. 

[52] 

𝑦௞ = 𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝑅௣௢௟ ∙ 𝑖௞∗ − 𝐾 ∙ 𝑄 ∙ ൬ 1𝑧௞ + 𝑧଴ − 1൰ 𝑧𝐴 ∙ 𝑒ି஻∙ሺଵି௞ሻ 𝜏 𝑑𝑖∗𝑑𝑡 + 𝑖∗ = 𝑖 
𝑅௣௢௟ = ⎩⎨

⎧ 𝐾𝑧௞ , discharge𝐾𝜆 − 𝑧௞ , other conditions 

𝑅௣௢௟ is the filtered current through the polarization resistance. 

[57,58] 

𝑦௞ = 𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝐾ଶ ∙ lnሺ𝜏ଵ + 𝑧௞ሻ + 𝐾ଷ ∙ lnሺ𝜏ଶ + 1 − 𝑧௞ሻ 𝜏ଵ and 𝜏ଶ are the two additional constants. [50] 𝑦௞ = 𝐸଴ − 𝑅 ∙ 𝑖௞ − 𝐾ଶ ∙ lnሺ𝑧௞ሻ + 𝐾ଷ ∙ lnሺ1 − 𝑧௞ሻ + 𝑠௞ ∙ 𝑀 𝑠௞ = ൝ 1   𝑖௞ > 𝜀−1   𝑖௞ < −𝜀𝑠௞ିଵ  |𝑖௞| ≤ 𝜀 𝜀 is a small positive number, 𝑀 is the correction term. 

[55] 

𝑦௞ = 𝑂𝐶𝑉ሺ𝑧௞ሻ + 𝑀଴ ∙ 𝑠௞ + 𝑀 ∙ ℎ௞ − 𝑅 ∙ 𝑖௞ ℎ௞ = 𝑒ቆିቚఎ∙௧ೖషభఊொ ቚ೅ቇ ∙ ℎ௞ିଵ − ൬1 − 𝑒ቀିቚఎ∙௧ೖషభ∙ఊ∙்ொ ቚఎቁ൰ ∙ 𝑀 ∙ 𝑠𝑖𝑔𝑛ሺ𝑖௞ିଵሻ 𝑠௞ = ൜ 𝑠𝑖𝑔𝑛ሺ𝑖௞ሻ     𝑖௞ > 0𝑠௞ିଵ       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 𝑀 and 𝑀଴ are the parameters estimated based on test data. 

[56,59] 

Source: Adapted from [33], under terms of CC-BY license. 

Semi-empirical models combine experimental data obtained from battery tests with 
aging mechanism analysis. Semi-empirical models have greater precision than empirical 
models. On the other hand, the computational cost of semi-empirical models is higher 
when compared to empirical models. Moreover, therefore, semi-empirical models are 
commonly used in offline applications [20,60]. 

The computational complexity can be observed by the implementation of sophisti-
cated diagnostic methods, such as Electrochemical Impedance Spectroscopy (EIS). EIS is 
considered a non-invasive method for analysing a battery’s increase in ohmic resistance. 
EIS provides detailed insights into the intrinsic electrochemical processes by employing 
alternating current perturbations across a range of frequencies and analysing the resulting 
impedance, making it an indispensable tool for real-time battery diagnostics [61]. This 
technique often identifies equivalent circuit model parameters that estimate battery states 



Energies 2024, 17, 3372 9 of 52 
 

 

such as internal impedance, Li-Ion diffusion dynamics, electrode contact impedance, SOC, 
and SOH [61]. Nevertheless, the majority of commercial BMSs do not currently gather EIS 
data directly on the vehicle because of the expensive nature of the required equipment. 
Furthermore, the outcomes are susceptible to fluctuations in temperature, and the exami-
nation is laborious. In addition, the results are subject to variations in temperature and the 
test is time-consuming [62]. Therefore, a methodology for modelling batteries to predict 
their Remaining Useful Life (RUL) is showed in Figure 2. 

 
Figure 2. Example methodology for modelling batteries’ RUL. Adapted from ref. [63] under terms 
of CC-BY license. 

The most well-known empirical models are the ampere-hour counting method (also 
known as coulomb counting method) [64–72], and the event-driven ageing accumulation 
method. The ampere-hour method operates on the principle of determining the electric 
current’s integral over time, which corresponds, in theory, to the change in a battery’s 
SOC. Nonetheless, any inaccuracies in the current sensor or variations in the Coulombic 
Efficiency (CE), which consists of the ratio of ions extracted from the battery and the ions 
inserted into the battery during a complete discharge–charge cycle, can contribute to ac-
cumulated errors in estimating the SOC. In addition, the available battery capacity can 
fluctuate over time due to ageing, temperature, and discharge rate, which the ampere-
hour method does not account for, compounding the estimation error. The ampere-hour 
method also has difficulties estimating the SOH in real applications with variable loads be-
cause the discharge cycles can be irregular, i.e., there are complete and incomplete cycles. 

The use of high-precision sensors can substantially reduce the SOC estimation errors 
associated with the ampere-hour method to address these deficiencies. High-precision 
sensors provide a more precise reading of the electric current, reducing the possibility of 
errors in the integral calculation. The weighted ampere-hour method provides a sophisti-
cated approach to estimating RUL. It considers the total charge/discharge, battery age, 
and temperature effects. Furthermore, high-precision sensors provide a more accurate es-
timation of the RUL by applying weighted factors to the current, considering the rate of 
battery deterioration and the impact of operating conditions, thereby reducing the errors 
inherent in the traditional ampere-hour method. This method improves the predictability 
of the remaining battery life, enhancing the dependability and efficacy of battery-depend-
ent systems. 
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Incremental Capacitance Analysis (ICA) [73–75] and Differential Voltage Analysis 
(DVA) [76,77] consist of non-destructive techniques which provide accurate and reliable 
data on electrode degradation. These techniques can identify battery deterioration mech-
anisms with a high level of precision. Regarding ICA, it is an instrumental technique that 
converts voltage plateaus into observable charge differences to voltage. These differentials 
reveal the intercalation mechanisms that take place within biphasic regions under condi-
tions that are comparable to those of potentiostats, which are frequently associated with 
phase transitions during charge/discharge processes. The singular characteristic of this 
configuration is the distinctive pattern of high and low points, which is used to identify 
electrode materials. In order to facilitate the examination of intercalation mechanisms and 
material modifications, this procedure is frequently executed at a low C-rate. Infrared 
thermography can enhance the accuracy of thermal models by verifying the calculated 
surface temperature of batteries, in addition to the use of ICA and DVA [61]. 

The Open-Circuit Voltage (OCV) methods have a very long measurement time and 
have margins of error. In the OCV method, the OCV curve of an LIB is obtained, and the 
SOC is estimated from the battery’s mathematical model. However, this method cannot 
be used in real-time and requires initial conditions that may not be known. Finally, the 
internal resistance method estimates the battery frequency response, aiming to establish 
its state; as this method usually requires generators and a separate testing period, it has a 
high cost and is challenging to implement. 

2.3. Equivalent Circuit Model 
Equivalent Circuit Models (ECM) are simple to comprehend and establish the SOH 

of the battery by initially defining changes in battery parameters using equivalent circuits 
that consist of capacitors, resistors, and voltage sources [23,33,78,79]. One of the key ad-
vantages of these models is the adaptability of the circuit design to a particular applica-
tion. This circuit typically comprises a resistor that signifies self-discharge and a high-
value capacitor or voltage source that indicates the battery’s OCV. The charge transfer and 
double-layer effect at the electrode, as well as the diffusion process in electrolytes and 
porous electrodes, are represented by the RC pairs with varying time constants. Table 4 
shows the main equivalent circuit models: Rint model, resistance-capacitance model, 
Thevenin model, PNGV model, and second-order RC model, and discusses the main ad-
vantages and disadvantages of equivalent circuit models. 

Table 4. Advantages and disadvantages of the best-known equivalent circuit models applied to batteries. 

Battery 
Model Equation Features Advantage Drawbacks Circuit Schematic 

Rint 𝑈 =  𝑈ை஼ − 𝐼𝑅 

UOC is the open circuit 
voltage, 
R is the internal ohmic 
resistance, 
U is the terminal volt-
age, 
I actual current. 

Simple structure, 
Parameters easy to 
calculate. 

Unable to describe the 
dynamic process, it will 
be fine when the cur-
rent is too large. 
The temperature is rel-
atively poor, which is 
particularly harmful to 
the battery. 

 

Thevenin 
𝑈 =  𝑈ை஼ − 𝐼𝑅଴ − 𝑈௖ 𝐼 = 𝑈஼𝑅ଵ + 𝐶 d𝑈஼d𝑡  

R1 and C are used to de-
scribe the polarization 
effect resistance and ca-
pacitance. 

Takes into account 
the polarization of 
the battery effect 
on battery charac-
teristics. 
Better simulation, 
in actual work. 

Battery aging, tempera-
ture. 
Changes in the accu-
racy of the model have 
a greater impact. 
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Used more in engi-
neering applica-
tions. 

PNGV 

𝑈 =  𝑈ை஼ − 𝑈ொ  − 𝑈௖−  𝐼𝑅଴ 𝑈ொ =  𝐼𝐶ொ 

UQ is the equivalent ca-
pacitance. 

It is easy for the 
model to consider 
the temperature 
degree of influence 
on the battery. 
Good applicability 
to different work-
ing conditions. 
Provides good ac-
curacy. 

Series capacitance accu-
mulation. 
Good reaction polariza-
tion phenomenon. 

 

RC 

𝑈 =  𝑈ை஼ − 𝐼𝑅଴  − 𝑈௖ଵ− 𝑈௖ଶ 𝐼 =  𝑈௖ଵ𝑅ଵ + 𝐶ଵ d𝑈௖ଵd𝑡  

R2 and C2 are rich, re-
spectively. 
Differential impedance 
and concentration differ-
ence capacitance. 

The level of com-
putation is moder-
ate. 
Enhanced accu-
racy, more closely 
resembling actual 
battery behaviour. 

Calculation of structure 
and parameters. 
More complex. 

 

GNL 
𝑈 = 𝑈ை஼ − 𝑈ொ − 𝑈௖ଵ− 𝑈௖ଶ 𝐼௅𝑅଴ 

RS is self-discharge re-
sistance. 

Considering the ef-
fect of self-dis-
charge, 
It considers the 
self-discharge ef-
fect and has high 
simulation accu-
racy. 

The model is complex 
and the parameters are 
comprehensive. 
It is challenging to de-
termine and complex to 
calculate.  

Source: Adapted from ref. [80], under terms of CC-BY license. 

However, working conditions significantly affect these parameters, making them 
challenging to identify, limiting the method used to describe the batteries’ dynamic and 
static characteristics [23,78,79]. 

2.4. Physical-Based Models 
Physical model-based methods attempt to build a mathematical model that describes 

battery degradation behaviour. The application of this approach mostly depends on the 
influence on the battery’s internal structure, considering the battery’s ageing condition 
and degradation phenomena in detail. The decay mechanism model is mainly related to 
the chemical reaction, the formation of the SEI layer, and ion concentration [81–83]. 

Physics-based approaches offer numerous benefits, including (i) the capacity for 
physical insights and contributing to a comprehensive understanding of the battery. 
Therefore, this method has good interpretability, facilitating the comprehension of the 
model’s predictive behaviour. Another physics-based approach is (ii) good accuracy, in-
cluding in scenarios beyond the operating region, with good extrapolation capability and 
transferability through chemistry. On the other hand, the high computational cost, over-
parameterization, the need to identify several parameters, and the complexity of under-
standing the different degradation modes can limit the application of physics-based mod-
els in real applications [83]. Table 5 shows the trade-off between different the physics-
based models applied to batteries. 
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Table 5. Comparison of physics-based models applied to batteries. 

Model Assumptions Advantages Disadvantages Limitations Application 
Two-Parameter 
Approximation 
Model 

Linear approxima-
tion of battery char-
acteristics 

Simplicity and ease 
of implementation 

Does not capture 
complex dynamic 
characteristics 

Requires frequent 
calibration 

SOC and SOH 
forecast 

Continuum Po-
rous-Electrode 
Model 

Continuous model 
for porous electrodes 

Detailed physical 
approach 

Computational com-
plexity 

Requires precise 
knowledge of sys-
tem parameters 

SOH forecast, re-
maining life fore-
cast 

Single Particle 
Model 

Approximation of 
homogeneous elec-
trodes 

Good accuracy with 
less complexity 

Limitations in mod-
elling electrolyte dif-
fusion 

Not suitable for 
electrodes with sig-
nificant non-homo-
geneity 

SOH forecast, re-
maining life fore-
cast 

Single Particle 
Model with 
Electrolyte Dy-
namics 

Includes electrolyte 
dynamics 

Improved accuracy 
for predicting kinet-
ics 

Increased computa-
tional complexity 

Assumptions about 
homogeneous elec-
trode properties 

Prediction of 
SOC, SOH, RUL 

Single-Particle 
Reduced Order 
Model 

Simplifying equa-
tions to reduce order 

Good accuracy with 
lower computa-
tional cost 

May not capture all 
dynamics 

Requires adjust-
ment to capture de-
sired behaviour 

SOC and SOH 
forecast 

Decoupled Solu-
tion Approach 

Separation of physi-
cal components for 
separate solution 

More flexibility for 
different mecha-
nisms 

Simplified assump-
tions can impact the 
accuracy 

Difficult to adapt to 
new systems with 
complex configura-
tions 

SOH forecast, 
RUL 

2.5. Data-Driven Models 
Data-based Models (DbMs) have become attractive due to the greater processing 

power of computers [62,84,85]. DbMs are increasingly being applied in the industry be-
cause they can reduce the design time, predict premature battery failures, and do not re-
quire the batteries to be disassembled to build these models. Furthermore, data from EIS 
[62,86] and OCV [87,88], among others, are employed to build models using pattern recog-
nition and machine-learning techniques [17,20,86,89–91]. DbMs can be classified as em-
pirical when parametric, i.e., built based on the battery’s prior knowledge. On the other 
hand, DbMs can also be classified as non-empirical when built from real-time measure-
ments, i.e., the model emits an output for each new sample measured [92]. Figure 3 shows 
a flowchart of data-driven models for batteries. 

 
Figure 3. Flowchart of battery data-driven models. 
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The machine-learning algorithms that are widely used successfully in data-driven 
models include the time-series model [93,94], Artificial Neural Network (ANN) [95], Sup-
port Vector Machine (SVM) [96], and Gaussian Process Regression (GPR) [17]. 

2.5.1. Linear Regression 
Time-series and linear-regression models map the non-linear relationships between 

resources and capacity or remaining battery life, and most relationships are non-linear, 
which makes non-linear mapping more popular. In battery studies, linear regression 
serves as a crucial tool for predicting critical parameters such as RUL and degradation 
over time. The basic mathematical model of linear regression can be expressed as shown 
in Equation (1): 𝑦 = 𝑚 ∙ 𝑥 + 𝑐, (1)

where y is the dependent variable (e.g., the predicted RUL), x represents the independent 
variables (such as load cycles, voltage, and capacity), m is the vector of slope coefficients, and 
c is the intercept term. Applying techniques such as Singular Value Decomposition (SVD) can 
overcome problems related to singular solutions and obtain more robust models. 

In the context of batteries, linear regression is not limited to linear relationships and 
can include quadratic or higher-order terms to capture non-linear behaviours. The sim-
plicity and computational efficiency of linear regression allow for fast and accurate pre-
dictions in simple applications. However, this model type is limited to industrial applica-
tions with complex data. 

2.5.2. Support Vector Machine 
Support Vector Machines (SVMs) are powerful models for classification and regres-

sion, being very useful in analysing the performance of batteries for industrial applica-
tions. The SVM approach maps the input data to a high-dimensional space through a ker-
nel function, such as the linear function or the Radial Basis Function (RBF), and finds the 
hyperplane that best separates different data classes, such as battery failure and health. 
The optimization problem can be described as shown in Equation (2): min௪,௕,క ଵଶ ‖𝑤‖ଶ + 𝐶 ∑ 𝜉௜௡௜ୀଵ  , (2)

where w is the hyperplane weight vector, b is the bias, 𝜉௜ are the slack variables for non-
separable data, and C is the regularization parameter that controls the trade-off between 
maximizing the margin and minimizing the classification error. 

SVM is efficient in processing large data sets and is able to deal with situations where 
there are multiple variables and classes. Compared to Artificial Neural Network (ANN) 
models, SVM has the advantage of being more interpretable, as it finds an explicit separa-
tion hyperplane. Furthermore, it tends to be more robust to overfitting, especially when 
the data set is relatively small, as the number of parameters to be adjusted is smaller. 

On the other hand, the Relevance Vector Machine (RVM), an extension of the SVM, 
incorporates a probabilistic approach to the model. Instead of rigid margins, RVM pro-
vides a probabilistic rating prediction, which can be advantageous in industrial applica-
tions requiring a more detailed analysis of risk and uncertainty [97]. Compared to SVM, 
RVM can offer sparser and more efficient models, reducing prediction time [98,99]. 

2.5.3. Random Forest/Tree 
The Random Forest method is widely used in machine-learning tasks for its ability 

to handle complex data and provide robust predictions. In the context of battery analysis, 
this method is often but not limited to predicting remaining battery life, SOC, and other 
parameters. 
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To effectively apply Random Forest to battery data, it is essential to understand the 
nature of the data and the variables involved. Data such as voltage, current, temperature, 
and charge/discharge cycles are often used. 

Each tree is created from a random subset of the training data using the bootstrapping 
technique. The divisions within each tree are made using a random subset of the features, and 
the division criterion is chosen to maximize the reduction in variance. The tree prediction is 
made using an average of the predictions of all trees, as shown in Equation (3): 𝑦 =  ଵ் ∑ ℎ௧ሺ𝑥ሻ௧்ୀଵ , (3)

where ℎ௧(𝑥) represents the prediction of tree t and T is the total number of trees. 
Specifically for battery data, the Random Forest model can be trained to predict RUL 

based on observed patterns in charge and discharge cycles, changes in voltage, and other 
characteristics of the battery profile. The technique is robust against noise and outliers due 
to the aggregation process, which is essential for industrial environments, where data can 
be highly variable. Additionally, the importance of variables can be calculated by analys-
ing the amount of reduction in variance provided by each variable across all trees, helping 
to identify which parameters are most critical to battery performance. Additionally, Ran-
dom Forest can be combined with other techniques, such as dimensionality reduction and 
hyperparameter fine-tuning, to further improve model accuracy on battery data. 

2.5.4. Artificial Neural Networks (ANNs) 
Artificial neural networks (ANNs) are widely used to predict the batteries’ SOH and 

their RUL. The main types of artificial neural networks that are used are Modular Neural 
Networks (MNN), Feed-Forward Neural Networks (FFNN), Kohonen Self-Organizing 
Neural Networks (SONNs), RBF neural networks, HNNs, RNNs, LSTMs, etc. 

ANNs are computational tools inspired by the form and function of the human brain 
and are made up of processing units known as artificial neurons. These units are arranged 
into three layers: input, hidden layer (or hidden layers in more complicated models), and 
output. In the context of battery performance prediction, the input layer receives and pre-
processes essential operational data, such as voltage, current, temperature, and charge 
cycles, before sending it to the hidden layers. 

This data is transformed and calculated non-linearly within the hidden layers, allow-
ing the ANN to detect complicated patterns in variable relationships. Finally, the output 
layer generates forecasts such as Remaining Usable Life (RUL) and failure prediction. In 
the industrial setting, these properties make ANNs ideal for large-scale applications re-
quiring real-time analysis of massive amounts of data. 

In other words, neural networks learn the implicit rules of a pair of inputs and out-
puts during an offline training phase, forming a non-linear black box model to be utilized 
during the online operating phase. An appropriate ANN can differentiate between a bat-
tery system’s normal and abnormal states. Despite strong self-learning from historical 
data, ANNs need huge historical data and have high training time, low generalization 
ability, and overfitting problems [97]. 

The first layer of the neural network involves pre-processing the data and filtering 
the data to reduce noise. Data preprocessing at the input layer is critical in eliminating 
noise and dealing with incomplete charge and discharge cycles. This preprocessing in-
volves normalizing or standardizing the data to ensure all variables are on the same scale 
and to eliminate inconsistencies that could compromise the model’s accuracy. 

Each neuron is mathematically represented in the hidden layer by a weighted linear 
combination of inputs, followed by an activation function. Equation (4) describes the out-
put calculation for a neuron: 𝑧௝ = 𝑓൫∑ 𝑤௜௝𝑥௜ + 𝑏௝௜ ൯, (4)

where 
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• 𝑧௝ is the output of the neuron, 
• 𝑤௜௝ is the weight that connects the input 𝑥௜ to neuron j, 
• 𝑏௝ is the bias associated with the neuron j, and 
• 𝑓 is the activation function. 

The output of the hidden layer is passed to the output layer, where the model makes 
predictions, such as on the battery’s RUL. The final prediction calculation can be repre-
sented as described in Equation (5): 𝑦 = 𝑔൫∑ 𝑤௝௢𝑧௝௝ + 𝑏௢൯, (5)

where 
• y is the final forecast, for example, the value of SOH or RUL, 
• 𝑤௝௢ are the weights that connect the hidden layer to the output layer, 
• 𝑏௢ is the bias of the output layer, and 
• 𝑔 is the final activation function. 

However, more modern algorithms have been developed. Table 6 presents the main 
advantages, disadvantages, and limitations of the most well-known neural network algo-
rithms. 

Table 6. Comparison of machine-learning models applied to battery data analysis. 

Model Assumptions Advantages Disadvantages Limitations 
Multilayer Neu-

ral Network 
(MNN) 

Battery data can be di-
vided into sub-tasks 

High efficiency for specific 
battery analysis tasks 

High design complexity, 
requires specific training 

Effective problem decomposi-
tion can be challenging for 
complex battery behaviour 

FeedForward 
Neural Network 

(FFNN) 
Battery data are static 

Flexible, good for classifica-
tion of battery faults 

Prone to overfitting with 
limited battery data and 
black-box nature 

Requires large battery data 
sets, challenging to interpret 

SONNs 
Battery data have mean-
ingful clusters 

Effective for clustering battery 
state-of-health data 

Grid size determination 
can be difficult 

Limited to clustering and visu-
alization of battery data 

RBF 
Battery data are sensi-
tive to local variances 

Effective for capturing local 
variations in battery data 

Sensitive to noisy battery 
data, requires radial cen-
tre tuning 

Not scalable for high-dimen-
sional battery data analysis 

Hopfield Neural 
Network (HNN) 

Symmetric weight ma-
trix in battery data 

Suitable for pattern recogni-
tion in battery diagnostics 

Converges to local min-
ima in training 

Limited to small-scale pattern 
recognition in battery data 

Recurrent Neural 
Network (RNN) 

Battery data exhibit tem-
poral dependencies 

Effective for sequential bat-
tery data analysis 

Gradient vanishing/explo-
sion, difficult training 

Limited in capturing long-term 
dependencies in battery data 

Long Short-Term 
Memory (LSTM) 

Long-term dependence 
on battery data 

Effective in retaining long-
term dependencies in battery 
data 

High computational com-
plexity, prone to overfit-
ting 

Requires extensive training 
data, not easily interpretable 

2.5.5. Gausian-Process Regression 
Gaussian Process Regression (GPR) is an advanced non-parametric machine-learning 

technique that effectively models the complex non-linear relationships observed in battery 
degradation profiles. GPR enables robust and accurate predictions by providing a proba-
bilistic estimate of the uncertainty associated with predictions. This technique is particu-
larly useful in industrial scenarios where accurate prediction of RUL and detection of fail-
ure patterns are critical. 

Mathematically, GPR considers a multivariate Gaussian distribution over the data, 
defining a probabilistic distribution over functions parameterized by the mean and covar-
iance matrix. Input data X and their respective outputs y are modelled as 𝑦~𝒩(𝜇,𝐾) , 
where µ is the vector of means and K is the covariance matrix, defined by the chosen ker-
nel. For a new data point 𝑥∗, the prediction is obtained using Equations (6) and (7): 𝜇∗ = 𝐾(𝑥∗,𝑋)்𝐾ିଵ𝑦, (6)
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𝜎∗ଶ = 𝐾(𝑥∗, 𝑥∗) − 𝐾(𝑥∗,𝑋)்𝐾ିଵ𝐾(𝑥∗,𝑋), (7)

where 𝐾(𝑥∗,𝑋) represents the covariance between the new point and the training points, 
and 𝐾ିଵ is the inverse of the covariance matrix. 

Compared to models such as Artificial Neural Networks (ANNs) and Support Vector 
Machines (SVMs), GPR takes a more explicit approach to estimating prediction uncer-
tainty. While ANNs often require extensive tuning and SVMs are limited in quantifying 
uncertainty, GPR offers probabilistic predictions. However, its computational cost can be 
high due to the inversion of the covariance matrix, making it unsuitable for large data sets 
without optimizations. Thus, GPR is especially useful when quantifying uncertainty, 
which is useful in various battery scenarios. 

2.6. Discussion on Battery Modelling 
In the context of data-driven models applied to lithium-ion batteries, the models’ fi-

delity, accuracy, and utility depend on factors such as data quality. Data quality is related 
to granularity, temporal resolution, noise level, and feature extraction and selection qual-
ity. Data granularity, which refers to the level of detail or resolution of measurements, is 
critical for capturing accurate information about battery performance. In scenarios where 
comparison between different cell designs is critical, the granularity needs to be high to 
identify slight variations in performance. Judicious feature extraction and selection are 
essential to distinguish nuances between different designs, while data filtering removes 
noise and provides a precise performance view [100–102]. 

On the other hand, for situations that require rapid identification of short-lived bat-
teries, the granularity can be reduced to speed up data collection. However, feature ex-
traction and selection must be more precise, as models must operate with limited data and 
quickly identify patterns that indicate possible failures [100–102]. 

The sampling period, or the interval between measurements, directly impacts the 
computational complexity and processing time of the models. For scenarios that require 
performance predictions, a broader and more varied sampling period is needed to ade-
quately capture different cycling conditions. Filtering is critical to remove variability not 
indicative of the battery’s long-term behaviour, while feature selection must be done to 
identify those that best represent degradation over time [100–102]. 

More complex forecasting models, such as those used to optimize charging protocols, 
require data granularity and adjusted sampling periods to capture both minute details 
and global trends. Data filtering is essential to ensure that only relevant information is 
used in the model, while feature extraction must identify parameters directly affecting 
loading efficiency [100–102]. 

When models need to be integrated into battery management systems (BMS), the 
data need to be highly granular and the sampling periods short, as it is necessary to cap-
ture the variability of usage conditions in real-time. Feature selection needs to focus on 
variables that directly indicate battery health, while data filtering must deal with signifi-
cant noise [100–102]. 

Finally, the lack of historical data on battery reuse makes it essential to create models 
capable of identifying patterns from a few samples. In these cases, the granularity of the 
data can be moderate, but the selection of characteristics becomes critical, as it must focus 
on variables that can predict the future performance of the battery, even without available 
histories [100–102]. 

Extracting features from battery charge and discharge curves is the most common 
method used in battery management systems because these systems are developed to col-
lect current and voltage data. However, new-generation BMS can obtain electrochemical 
impedance spectroscopy. Therefore, the new-generation BMSs can obtain impedance over 
a wide range of frequencies [103]. The challenge of methods that rely on EIS data charac-
teristics is the identification of quantitative characteristics correlated with battery degra-
dation [103]. 
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In all of these scenarios, data-driven models must be adapted to each use case’s spe-
cific conditions, carefully considering data granularity, sampling period, filtering, and fea-
ture selection to maximize their accuracy and utility. 

Table 7 presents some recent works published, the methods’ main features and out-
puts, and the metrics used to evaluate the performance of the models [104]. 

As demonstrated in [105], features must be selected appropriately for each real use 
case. Inadequate feature selection can artificially inflate performance. It shows six use 
cases of machine-learning algorithms in batteries. Scenario (a) refers to optimizing battery 
design. In this scenario, the battery engineer must perform battery aging tests identically 
so that it is possible to compare the performance of cells designed differently. Scenario (b) 
refers to quality control. In scenario (b), quality control tests should be carried out with 
the lowest possible time and cost. In this scenario, it is desired to avoid cycling the batter-
ies several times to prevent the data cycling process from impacting the aging of the bat-
teries [105]. 

In a third scenario (see Figure 4, scenario c), the impact of usage conditions, including 
discharge depth and charging current, on battery life is determined by the use of machine-
learning algorithms. In order to develop a prognostic model for this application, an exper-
iment with systematically varied aging conditions is necessary. More intricate scenarios 
can be assessed in addition to these conditions to determine the optimal protocol param-
eters (refer to Figure 4, scenario d) [105]. 

Finally, data can be obtained from operating vehicles to estimate the batteries’ health 
status and remaining life (see Figure 4, scenario e). Additionally, after batteries reach the 
end of their useful life in the vehicle, data from battery operation in vehicles can be used 
to predict the best scenario for reuse, repurposing, remanufacturing, or recycling (see Fig-
ure 4, scenario f) [105]. 

 
Figure 4. Possible scenarios for applying machine-learning algorithms to batteries. Source: Adapted 
with permission from ref. [105]. Copyright (2023), Elsevier. 

Purely data-driven models have high accuracy but do not provide information about 
cycling conditions and battery aging mechanisms. As mentioned above, physics-based 
models are physically interpretable. However, defining the parameters of physics-based 
models is not trivial due to the complexity of battery aging mechanisms [106]. 

Therefore, models driven by interpretable data are an area of research that is still little 
explored. Interpretable data-driven models differ from so-called “black box” machine-
learning models. Purely data-driven models offer little information about the underlying 
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relationships between inputs and outputs. On the other hand, interpretable data-driven 
models can provide clear metrics that directly reflect degradation mechanisms. This in-
cludes metrics such as capacity loss rate, internal resistance, and voltage variations, which 
infer the degradation progression [106]. 

Data-driven models become interpretable when they explicitly include characteris-
tics that are directly related to the physical phenomena that govern the behaviour of bat-
teries. For example, incorporating variables representing internal resistance, cell capacity, 
and degradation parameters allows models to provide insights into how operating condi-
tions affect the lifespan and health of batteries [106]. 

This significantly contributes to battery design by enabling the optimization of com-
ponents based on identified degradation patterns. Interpretable models can identify and 
correlate specific degradation patterns with operational parameters such as temperature 
and load cycles to predict RUL. This allows BMSs to have greater accuracy in estimating 
the remaining battery life under different usage conditions [106]. 

Additionally, the ability to interpret battery behaviour helps identify anomalies that 
may be indicative of imminent failures, improving safety. This also contributes to opti-
mizing performance and reliability, as battery management can be adjusted based on bat-
tery health, reducing the risk of failure and improving efficiency [106]. 

Combining the interpretation provided by such models with physics-based electro-
chemical simulations and mechanistic models makes it possible to obtain a more holistic 
understanding of degradation phenomena. This helps predict battery life under different 
operating scenarios, improving the performance projections and reliability of lithium-ion 
batteries across a wide range of applications [106]. 

Table 7. Summary of recent work on machine learning for battery state predictions. 
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[17]    ✔   ✔ ✔  ✔ ✔       ✔     9.1 
[107]  ✔     ✔  ✔ ✔ ✔      ✔   ~8 × 10−4   6.4 
[108]   ✔    ✔ ✔  ✔        ✔    97 8.7 
[109] ✔       ✔     ✔    ✔      7 
[110] ✔      ✔ ✔ ✔   ✔    ✔   0.1    0.1 
[111] ✔      ✔ ✔ ✔       ✔   1.1 a    2.4 
[112] ✔      ✔ ✔ ✔       ✔    9.27 × 10−7   1.3 
[113] ✔ ✔  ✔ ✔  ✔           ✔     3.3 
[114]      ✔ ✔ ✔ ✔       ✔       3 
[115] ✔ ✔ ✔ ✔   ✔ ✔ ✔         ✔   12.41  6.7 
[116] ✔      ✔ ✔  ✔       ✔ ✔   3.427 b  0.6 
[117]   ✔    ✔ ✔ ✔       ✔   0.55 c 0.28 d   0.8 
[118]  ✔     ✔ ✔ ✔       ✔      97 12.2 
[119] ✔      ✔ ✔ ✔       ✔       3.8 
[120] ✔      ✔ ✔   ✔     ✔   3 e     
[121] ✔      ✔ ✔        ✔   5 f    1.7 
[122] ✔      ✔ ✔ ✔       ✔       3 
[123] ✔      ✔   ✔       ✔  0.45 g 0.42 h   5 
[124]  ✔ ✔    ✔ ✔   ✔     ✔     0.92  2.1 
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[125] ✔ ✔  ✔   ✔ ✔  ✔ ✔      ✔  0.98 i  1.3 i 98 i 1.6 
[126]   ✔    ✔ ✔  ✔ ✔       ✔   4.86 j  3.2 
[127] ✔      ✔   ✔ ✔      ✔ ✔     0.4 k 
[128]  ✔     ✔ ✔ ✔ ✔  ✔    ✔    3.93 l    
[129]    ✔   ✔ ✔  ✔        ✔   0.0280 m 98.8 m 0.2 
[130] ✔     ✔ ✔ ✔        ✔     0.0074 n 99.9 n 1.5 
[131] ✔      ✔ ✔         ✔      8 
[132] ✔      ✔ ✔      ✔   ✔      3 
[103]   ✔           ✔    ✔   8.57 96 o  

a Mean Absolute Error (MAE) calculated for test cells at 25 °C. b Root-Mean-Squared Error (RMSE) 
calculated by using the Deep Neural Network (DNN). c MAE calculated for autoregressive recurrent 
GPR. d RMSE calculated for autoregressive recurrent GPR. e MAE calculated for of SOC estimation 
under ECE operation for the battery (400 aging cycles). f MAE calculated for first and seventh Federal 
Urban Driving Schedule (FUDS) cycle. g MAE calculated battery 5. h MSE calculated battery 5. i MAE, 
RMSE and R2 values obtained for the model constructed differential voltage techniques using Dif-
ferential Voltage (DV) curves and/or Incremental Capacity (IC) curves and the Support Vector Ma-
chine (SVM) algorithm. j End-of-Life (EoL), obtained for the model. k Absolute Error obtained for the 
model built with GP kernel pair Matérn 5/2 (Ma5) plus Matérn 3/2 (Ma3). l MSE computed with SVM 
for the UDDSHDV cycle under the 10-cycle constraint. m RMSE and R2 values obtained for the Adap-
tive Model III (exponential). n RMSE and R2 values obtained for the Adaptive Model III (exponential). 
o RMSE and R2 values obtained for the battery cell 05 cycled at 25 °C. Source: Adapted with permis-
sion from ref. [104]. 

3. Motivation 
To design more efficient, reliable, safe, and long-lasting batteries, it is fundamental to 

understand the mechanisms of battery degradation. Hopefully, researchers can develop 
new materials and technologies to mitigate these effects and enhance the performance of 
batteries, by analysing the causes of battery degradation. BMSs can monitor battery health 
in real time and adjust their operation accordingly in one method to enhance the next 
generation of batteries. For instance, if a battery exhibits degradation due to overcharging 
or high temperatures, a BMS can reduce the charge rate or decrease the operating temper-
ature to prevent further degradation. In addition, the battery test matrix can be designed 
to be condensed based on the knowledge of degradation mechanisms to capture only the 
most essential data for validating the design parameters. 

However, further investigation is needed in specific domains while the mechanisms 
of degradation in small cells are presently comprehended, such as the particular ageing 
behaviour of large cells compared to small cells. Moreover, the precise chemical and phys-
ical changes that result in electrode degradation are still not fully understood, and more 
research is needed to develop new materials and manufacturing techniques to mitigate 
this effect. Despite the studies reported in the literature, several degradation mechanisms 
have not yet been described clearly and comprehensively. Some concepts remain ambig-
uous in the literature, and an in-depth discussion is still needed. Therefore, the present 
systematic review revisits the main battery degradation mechanisms, avoiding ambiguity 
in the description of complex chemical phenomena, and, finally, we present ways to mit-
igate these problems in the future. 

4. Basic Structure of LIBs 
4.1. General Overview of LIBs 

As mentioned above, LIBs have a high energy density and low memory effect, and 
they are lightweight, which are benefits that have targeted LIBs as the best alternative for 
supplying EVs. The high energy density is critical because it enables the cell to reach a 
high capacity and store energy in the same cell volume. Furthermore, the low memory 
effect allows the cell to be recharged at any current charge level without significant loss of 
the maximum energy capacity [19]. 
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The major components of LIBs comprise the positive and negative electrodes, elec-
trolyte, current collector, separating membrane, and casing. The electrodes used in LIBs 
are usually fabricated by mixing binders (i.e., polymeric-based to “glue” particles) to con-
nect materials among themselves and to the current collector [133]. The electrodes are as-
sembled face-to-face and separated by a mesoporous membrane (i.e., separator), and the 
electrodes are soaked in electrolytes. Under polarisation, the ions move out from the pos-
itive electrode and into the negative electrode. Electrolytes transport Li+ and also directly 
influence battery electrochemistry [134]. The electrolyte’s ions move in the same direction, 
i.e., from the cathode to the anode, neutralising each piece of the system. The most widely 
used electrolytes are made up of carbonate mixtures (e.g., ethylene, dimethyl, and propyl-
ene carbonate) and dissolved salt (e.g., LITFSI and LiPF6) [133]. 

During the charging phase, Li+ migrates towards the negatively charged electrode. 
Concurrently, electrons are compelled to traverse from the cathode to the anode, facili-
tated by an external Direct Current (DC) source, thus maintaining the overall equilibrium 
of the electrochemical cell. Then, during the discharge cycle, Li+ returns from the electro-
lyte to the positive electrode, electrons are extracted spontaneously from the positive elec-
trode to the external circuit, and the electrodes are oxidised or reduced. The positive elec-
trode consumes electrons from the external circuit in the course of the reduction, while 
there is the oxidation process on the negative electrode and the liberation of electrons to 
the external circuit. This electron flow is essential for the battery’s operation and the stor-
age and release of Li+ [135]. The chemical structure, lithiation/delithiation processes, and 
electron transfer are represented in Figure 5. 

 
Figure 5. Technical Scheme of LIBs. Adapted from ref. [136], under terms of CC-BY license. 

Regarding the battery design, according to battery manufacturers, the positive elec-
trode should be as close as possible to the negative electrode, which will reduce the ion 
impedance in the electrolyte. Therefore, it is essential to have a separator to prevent prox-
imity between the electrodes and avoid a short circuit. The separator is a permeable mem-
brane that serves as an ionic conductor and an electrical insulator, permitting the transport 
of Li+ but not electrons. 
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Batteries applied in EVs usually have three structural shapes: pouch, prismatic, and 
cylindrical cells. Cylindrical cells have a lower manufacturing cost (USD/kWh) because 
they have been mass-manufactured for a long time, providing fast production compared 
to other types of cells. The assembly of cylindrical cells consists of wrapping the electrodes 
in a cylindrical shape encapsulated with a metal. This type of encapsulation reduces the 
delamination of the active material of the current collector, increasing the resistance of this 
type of cell to mechanical shocks, thermal charging, discharging cycles, and current col-
lectors’ mechanical expansion. Also, the temperature control of cylindrical cells is more 
accessible than that of prismatic cells, and they are combined into packages and modules. 
On the other hand, the circular cross-section of the cell does not optimally utilise the avail-
able space, which is a significant disadvantage compared to other types of shapes [137]. 

Furthermore, prismatic cells are more expensive and present lower energy density 
and mechanical stability than cylindrical batteries. However, prismatic cells can undergo 
swelling due to their operation, and this degradation mechanism is intensified when the 
cell operates outside of safe conditions, resulting from the increased pressure in the cell 
when the safety vent opening is obstructed, and culminating in a lower energy density 
than cylindrical cells [138]. 

Moreover, soft pouch cells have the advantage of being lightweight, presenting man-
ufacturing with a considerably lower cost and higher density than prismatic and cylindri-
cal cells. On the other hand, pouch cells need a robust mechanical structure for their pro-
tection; they can suffer volume expansion as they may not have a designated ventilation 
mechanism. The swelling effect observed in pouch cells is due to battery degradation, 
which is caused by the physical expansion of the battery as a consequence of gas accumu-
lation or other factors [137]. This expansion can increase internal pressure, which can 
eventually cause the battery to rupture. Several technical factors influence the expansion 
effect, including the increased thickness and flexibility of electrodes and separators, the 
cell design, and the battery shape. It is essential to carefully consider and optimise these 
technical parameters to prevent and mitigate battery enlargement in pouch cells. 

4.2. Positive Electrodes of LIBs 
The positive electrode presents a crystalline structure, e.g., generally made of lithium 

manganese oxide (LMO); lithium cobalt oxide (LCO); lithium nickel oxide, cobalt, and 
aluminium (NCA); and lithium oxide, nickel manganese, and cobalt (NMC). Other mate-
rials for positive electrodes comprise olivine-type materials, including lithium iron phos-
phate (LFP) [139]. Initially, the LIBs that dominated the battery market contained LCO as 
positive electrodes, which provide a working voltage window, excellent rate performance, 
and exceptional cycling performance. The main disadvantage of this technology is that 
cobalt is expensive and has a low specific capacity, and cobalt mining often takes place in 
precarious areas and causes severe environmental and social impacts [140–144]. Further-
more, charging LCO-based batteries at high voltages causes instability [145], and some 
strategies to mitigate this drawback include (i) the use of additives in electrolytes 
[146,147], (ii) lattice element doping [138,148], and (iii) surface coating/modification with 
other active/inactive materials [135,149–152]. 

According to Pender et al. [145], deep discharge in batteries containing LCO cathodes 
causes mechanical damage and a significant change in the dimension (c) of the shaft. The 
degradation of batteries starts in the first cycles, with a structural change of the structure 
that causes the increase of the grain size, reduction of the surface potential, and loss of the 
contact rigidity, concomitant with the irreversible fading of the capacity [145]. 

However, with the development of new technologies and the need to increase battery 
life and safety, new positive-electrode materials have been investigated, such as NMC 
(LiNixMnyCozO2), with the following limits: 0 ≤ x, y, z ≤ 1 [153]. The significant advantages 
of LIBs comprising NMC-based positive electrodes include (i) reversible capacity, (ii) low 
cost, and (iii) environmental friendliness. However, they may present chemical instability 
when exposed to air, decreasing their reversibility and restricting their use from an 
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industrial point of view [154], as they may present accelerated degradation processes dur-
ing the lithiation/delithiation process, reducing the battery’s lifespan [155–158]. The in-
crease in nickel (Ni) content in the electrodes of battery cells provides higher extraction of 
Li+ at the same cut-off voltage. Therefore, it is possible to affirm that increasing the pro-
portion of Ni in the battery cells allows one to increase their capacity [159]. Manganese 
(Mn) improves the battery’s Depth of Discharge (DOD) [133]. The exposition of NMC-based 
batteries with air components (e.g., CO2 and H2O) produces a reaction that forms lithium car-
bonate (Li2CO3) and lithium hydroxide (LiOH), considered impurities on the NCM surface. 
This phenomenon produces a large amount of highly reactive Li, which causes serious safety 
issues and reduces the electrochemical performance of the battery [140,159–165]. 

The main degradation mechanisms of NMC-based batteries are particle breakdown, 
gasification, phase transformations, and cation mixing. The breakage and deformation 
mechanisms within electrode particles are triggered by the voltage differentials produced 
by ion diffusion processes, in which concentration gradients lead to the movement of 
charged particles across the electrode medium [166]. These factors are mainly caused by 
the formation of highly reactive Ni in batteries. The main strategies adopted to reduce the 
instability caused by the high reactivity of Ni include (i) surface coating on the electrode 
of the active material, (ii) doping the electrode active material, and (iii) conversion of the 
NMC particles morphology from a polycrystalline to a monocrystalline structure. 

In addition, LFP-based batteries are highly thermally stable and present high revers-
ibility and power. This battery technology is also beneficial in high-power applications 
requiring high discharge rates. The intercalation process of LIBs can cause phase transi-
tions in the active material, leading to volume changes and mechanical stress. Thus, some 
crystalline structures can effectively accommodate volume variations, reducing mechani-
cal stress and deterioration. For instance, anisotropic structures, such as LFP (olivine), can 
inhibit mechanical stress during phase transitions, contributing to a longer shelf life. The 
primary mechanisms associated with LFP electrodes are (i) electrolyte decomposition, (ii) 
active material loss, (iii) formation of lithium dendrites, (iv) structural degradation of the 
electrodes, and (v) modification of the separator’s morphology. 

4.3. Negative Electrodes of LIBs 
Negative electrode usually consists of graphite-like materials. Graphite dominates 

commercial batteries because its main advantages are high cycle stability, slight voltage 
hysteresis, low cost, and high tap density. However, graphite anodes still provide limited 
power and energy densities for LIBs, affecting their application for EVs and large-scale 
power supplies, and it has a capacity limited to 372 mAhg−1, which is considerably lower 
than other alternative materials, such as conversion and alloying-type anodes. Therefore, 
novel anode materials are being investigated to obtain alternatives that present low redox 
potential for high output voltage, reversibility during the intercalation process, structural 
stability during intercalation, high ionic and electronic conductivity, affordable cost, and 
environmental friendliness [167]. Graphite presents an intercalation of Li+ within its struc-
ture; it is an intercalating anode material. Intercalating-type anodes consist of crystalline 
materials that can store Li+ within their structure. As well as graphite, intercalating anodes 
include other carbonaceous materials, such as carbon nanotubes [168] and spinel lithium 
titanate (Li4Ti5O12, LTO) [169]. 

Among the alternative anode materials, there are alloy anodes, which consist of met-
als with high purity, such as magnesium (Mg), aluminium (Al), tin (Sn), and silicon (Si), 
which present a chemical reaction with Li+, forming LinM species (M consist of a metal). 
Alloy anodes present a theoretical capacity higher than graphite and can inhibit lithium 
plating, as they present a higher onset voltage above Li. However, alloy anodes present 
some drawbacks, such as volume expansion, irreversible capacity loss, and the evolution 
of an unstable SEI layer [170]. Regarding alloy anodes, Si has an extraordinarily high the-
oretical capacity of 4200 mAhg−1, low cost, and abundancy, but it presents high volume 
expansion during the alloying/de-alloying process, particle cracking, delamination, an 
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unstable SEI layer, and significant capacity loss [171]. Therefore, significant research has 
been performed on overcoming the drawbacks of Si anodes, such as the polymerisation 
of Si particles [172] and the use of ionic liquid-based electrolytes [173,174] to provide the 
formation of a stable SEI layer. Furthermore, the use of Si nanoparticles [173], or the ap-
plication of Si-based composite materials, such as silicon oxycarbide (SiOC) [175], can to 
inhibit their volume expansion. 

Furthermore, unlike intercalation and alloy anodes, conversion-type anodes present 
a redox reaction between two different materials, which can present high theoretical ca-
pacities, usually ranging from 500 to 1500 mAhg−1. Conversion-type anode materials com-
prise Transition Metal Oxides (TMOs), Transition Metal Dichalcogenides (TMDs), Transi-
tion Metal Phosphides (TMPs), and Transition Metal Selenides (TMSes). Otherwise, con-
version-type anodes can present certain drawbacks, such as irreversible capacity fade, low 
conductivity, and volume expansion, culminating in a short cycling life [176]. Thus, ap-
proaches to overcome these drawbacks from conversion anodes include the design of 
nanostructured electrodes, which present high SSA and facilitate the diffusion of Li+ 
[177,178]. 

5. Degradation of LIBs 
LIBs are subject to the thermal runaway phenomenon when subjected to abusive con-

ditions, such as vehicle collision, overvoltage, overcurrent, and deep discharge [179,180]. 
The thermal runaway is an exothermic phenomenon in which reactions inside the cell 
increase the temperature [181–184], leading to electrolyte decomposition, gas formation, 
voltage drop, and internal pressure increase. This can culminate in the cell’s rupture and 
swell, causing electrolyte leakage, which may result in fire/flame and explosion in contact 
with air. 

The gases inside the cell can also be produced by electrolyte reduction resulting from 
the decomposition reaction of electrolyte solvent and by the structural release of cathodic 
materials [185,186]. These released gases, such as hydrogen, organic products, and eth-
ylene, can be toxic and flammable, which can cause severe harm to an individual’s health 
[151,185]. These gases can also cause uncontrolled thermal runaway in the cell, which can 
compromise their application in EVs, as it affects the vehicle’s safety [133,152]. The gas 
evolution inside the cell is also associated with electrolytic displacement and increased 
internal resistance, which reduce the battery’s efficiency, the number of cycles, and the 
lifespan [151,185,187]. The ageing of LIBs is still the subject of research to understand and 
minimise electrolyte decomposition and gas evolution. Researchers can gain insights into 
the mechanisms that cause battery degradation by understanding the phenomena at the 
electrode/electrolyte interface, as this region facilitates the mobility of ions between the 
electrode and the electrolyte during battery operation, and any change or disruption in 
this interface can affect Coulombic efficiency and lead to degradation. The electrode com-
bines Li+ and electrons in the electrode/electrolyte interface. The Li+ stored in the electrode 
can be intercalated into a host material or as an alloy or Li metal. The Li+ intercalation 
implies electron absorption for electrode neutrality [62,149,151,188]. The charge transfer 
in and out of the electrode also affects the current collector, which suffers from corrosion 
due to cycling. This corrosion effect occurs at the negative electrode (the degradation 
mechanisms that occur at this electrode are discussed in more detail in Section 4.3) and 
causes irreversible capacity loss in the cell [152]. 

Gas generation is an additional form of battery deterioration that can be influenced 
by battery shape. Gases can be produced inside the battery due to the chemical reactions 
that occur during the charging and discharging process, leading to swelling, pressure 
build-up, and even battery rupture. The leading gases these chemical reactions produce 
inside the battery include H2, C2H4, CH4, CO, CO2, HF, SO2, NO2, NO, and HCl. There are 
several ways in which the design of the battery can affect gas production, such as flat 
pouch batteries that have a higher surface area/volume ratio than cylindrical batteries, 
which can increase gas production due to increased electrochemical reactions on the 
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battery’s surface. Due to the design of the electrodes and separators, certain regions of 
pouch cells can be more susceptible to gas accumulation [137]. 

A study conducted by Christensen et al. [189] examined thermal runaway in LIBs 
under various abusive conditions and SOCs. The results showed that the first sign of ther-
mal runaway is the ejection of white vapour, which contains a mixture of flammable and 
toxic gases. Intriguingly, a subset of these gaseous constituents, including the vaporised 
solvent specified in a work conducted by Yokoshima et al. [190], which has a relative den-
sity more significant than that of atmospheric air, naturally condense when exposed to an 
environment with a reduced temperature. The effects of this condensation process within 
a confined spatial domain are of particular interest; the condensed aerosol mixture is ca-
pable of causing a phenomenon known as a vapour cloud detonation, given an adequate 
oxygen concentration [189]. Extrapolating these observations necessitates additional re-
search into the requisite safety measures and operational parameters for systems suscep-
tible to these potentially dangerous reactions. 

Furthermore, the significant SO2 emission at reduced SOCs in the investigated sys-
tems has been reported elsewhere [189]. In addition, it identifies CO as the predominant 
gas, whose abundance is directly proportional to the SOC concentration. According to the 
results shown in a work conducted by Golubkov et al. [191], a comparison of the LCO and 
NMC chemistries reveals that both emit the same amount of CO. This similarity does not 
apply to the LFP-based cathodes, which exhibit a more moderate CO release than the 
NCA cell. These findings highlight the variation of gaseous emissions as a function of 
battery chemistry, SOC, and possibly other operational parameters, highlighting the com-
plex interplay of factors contributing to LIBs’ overall safety profile. This concept necessi-
tates further investigation to better comprehend and mitigate the drawbacks associated 
with such energy storage systems. 

Another drawback observed in LIBs is lithium plating, which is a deterioration that 
can occur particularly during rapid charging or at low temperatures. This occurs when 
metallic lithium accumulates on the anode’s surface, decreasing the amount of available 
Li+ and causing capacity loss. The geometry of the battery can influence lithium plating in 
several ways. For example, cylindrical batteries have a lower ratio of surface area to vol-
ume than flat pouch batteries, thereby reducing the possibility of causing lithium plating. 
In addition, the geometry of the anode and cathode can influence the distribution of Li+ 
and the probability of suffering from lithium plating [192,193]. 

In addition, the formation of an SEI layer usually occurs during the initial discharge, 
when the electrode redox potential is out of the electrolyte electrochemical window. The 
SEI layer is formed by organic electrolytes reduced species, acting as an ionic conductor 
and electronic insulator, which can be observed in both the cathode and anode surfaces, 
but they have been significantly more investigated for anode materials, as the SEI layer 
formed on the anode surface used to be more unstable. The SEI layer has an important 
contribution to LIBs, as it provides de-solvation during the intercalating process, and the 
formation of an unstable SEI layer can culminate in the exfoliation of carbonaceous an-
odes. However, the evolution of a stable SEI layer requires an irreversible consumption of 
lithium and electrolyte materials, resulting in capacity fade, higher resistance, and lower 
power density. The approaches to provide the formation of a stable SEI layer include the 
use of electrolyte additives and artificial coating of electrodes [194]. 

Also, separator cracking is another form of battery degradation, which can occur es-
pecially in LIBs. This occurs when the separator, typically made of polymer, dissolves due 
to excessive heat or flame exposure and mechanical loads. The geometry of the battery can 
affect this process by altering the thickness and thermal conductivity of the separator, as 
well as the cell’s design [195,196]. Generally, batteries applied to EVs can reach an energy 
density of nearly 300 Wh/kg [145,146], and the predominant average cost of current bat-
tery generation is approximately 100 to 200 USD/kWh [149,197]. During the phase design 
of LIBs, the goal is to maximise the potential difference from the positive to the negative 
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electrodes, minimise the active material mass and volume, and prevent the electrolyte 
from undergoing the oxidation/reduction process [149]. 

In ageing, the main problems are the effects of the cycle and the calendar, as these 
effects influence both the energy (capacity) and power (impedance) of the battery due to 
the loss of lithium and capacity decrease [62,135,140,148,159,198]. Loss of cell power hap-
pens due to loss of local contact, reduction of electrode reaction surface, structural changes 
in host materials and separator, changes in electrolyte properties, and corrosion on the 
current collector [145]. The decrease in the battery reversible capacity refers to reducing 
the charge that a battery can store per unit of time, usually expressed as a percentage, 
while the decrease in energy results from increased internal resistance [92]. In practice, 
the cycling and calendar effects are interrelated, especially when batteries have low cycle 
depth and low current rates [149,150,160–162]. The two effects coexist simultaneously, un-
dergoing a mutual action influenced by each other [140]. 

The cycling effect is directly associated with battery charging and discharging and 
refers to the degradation mechanisms and capacity loss caused by the electrode and elec-
trolyte decomposition [140,162]. In cycling, detecting battery degradation due to imped-
ance increases is possible. Battery degradation can result from the formation of pas-
sivation layers in the electrode/electrolyte interfaces (i.e., SEI), mechanical stress in the 
electrode’s active materials, or lithium coating [84,148,160,162,164]. Therefore, the cycling 
effect mainly impairs the reversibility of materials, and it is directly related to battery pa-
rameters, such as SOC, high/low temperature, time, charge and discharge currents, deep-
of-discharge, and charge efficiency [134,162,164,165]. 

The calendar effect is irreversible and refers to all battery degradation mechanisms 
over time, regardless of the battery’s charge/discharge cycle. When batteries are stored in 
open circuit conditions, no current flows inside the battery [84,134,148]. This effect has no 
linear behaviour on the SOH and can be accelerated at high temperatures that increase the 
dissolution of the metal and produce a reduction in the cell capacity [84,163]. Calendar 
ageing results from electrolyte reduction, oxidation, and surface film growth on active 
materials [84,149,150,163]. It is accelerated at higher SOC, longer time intervals, and/or 
high temperatures [134,149]. 

In general, some factors greatly influence the battery degradation process, such as (i) 
temperature, (ii) SOC variation, (iii) DOD, and (iv) voltage limits on charging and dis-
charging. The temperature affects cell ageing because high temperatures increase the agi-
tation of the molecules and consequently accelerate the processes of insertion and/or re-
moval of lithium in the host network. At low temperatures, lithium metal grows due to 
the slow transport of lithium into and within the negative electrode host network, which 
increases the local lithium-ion concentration and makes the lithium metal stable. The ac-
cumulation of lithium at low temperatures is a result of the slow movement of Li+ into and 
within the negative electrode’s host matrix [30,199–201]. 

The temperature affects cell ageing, as high temperatures increase the agitation of the 
molecules and consequently accelerate the insertion and/or removal of lithium in the host 
network. Furthermore, high temperatures accelerate side reactions, altering the structure 
and thickness of the SEI, increasing the battery’s internal resistance, and enhancing the 
degradation process. This makes the cell more prone to thermal leakage, which can cul-
minate in an outburst of batteries. It is also important to mention that a very thick SEI 
layer provides significant power loss [202–205]. Moreover, it is also important to mention 
that a very thick SEI layer is the main factor for the power loss in the cell. Beyond this 
point, low temperatures can reduce the electrolyte viscosity, decrease the lithium-ion con-
ductivity, and cause the slow diffusion of the Li+ within the electrode, reducing the battery 
discharge capacity. Consequently, there is a rise in internal resistance and parasitic reac-
tions during the battery charging process, such as the metallic lithium coating and the 
growth of lithium dendrite. Therefore, low temperatures can also accelerate the battery’s 
degradation, reducing its safety [30,199–201]. 



Energies 2024, 17, 3372 26 of 52 
 

 

The SOC indicates the quantity of lithium stored in the electrode, which means that 
a higher SOC implies an increase in the amount of cycling active material, culminating in 
a decrease of the battery capacity. Furthermore, the variation of SOC (ΔSOC) strongly in-
fluences battery degradation, as previously detailed elsewhere [62,86,179,206], as high 
ΔSOC rates culminate in a more significant degradation, which is caused by structural 
changes in the positive electrodes. Another study conducted by Ouyang et al. [90] showed 
that the imbalance of the cathode’s and anode’s SOC reduces the capacitance and in-
creases the battery’s internal resistance. The results were obtained by studying an LIB sys-
tem by EIS for a given SOC of the electrode, which indicated that the electrodes should be 
designed in a way to minimise this imbalance. Moreover, another parameter widely dis-
cussed and investigated in the literature is the DOD, which is complementary to the SOC 
and can be further investigated, as in the work conducted by Abada et al. [207], which 
evidenced that high DOD rates cause a reduction in cell capacity and energy. Finally, the 
battery charge/discharge voltage threshold can also accelerate or reduce the degrading 
effects of the battery, indicating that high and low charge and discharge voltages increase 
its impedance and accelerate its degradation mechanisms [3,17,208,209]. 

Then, considering the effects of the SOC on the battery performance, it should be 
estimated mainly to equalise the cells and reduce the customers’ range anxiety. However, 
collecting labelled samples for training data-driven models is expensive and time-con-
suming. Hopefully, it has already been investigated elsewhere [85]. This data collection 
can be performed by deep neural networks, which can estimate the SOC for a limited 
number of available labelled samples, presenting an SOC estimation error lower than 
0.6%. 

Also, the SEI layer can explain these effects associated with battery degradation. The 
SEI consists of a thin layer of electrolyte decomposition products (i.e., carbonates), as pre-
viously detailed; it is formed at the electrode/electrolyte interface if the electrode’s redox 
potential is not within the electrolyte’s Electrochemical Stability Window (ESW) 
[194,210,211]. The architecture of the SEI layer is still not known in detail, but it is known 
that this layer is composed by the decomposed products from the electrolyte, electrode, 
and lithium [212]. The main products reported in the literature include lithium oxide 
(Li2O), lithium carbonate (Li2CO3), lithium fluoride (LiF), lithium ethylene dicarbonate 
(LiOCO2CH2)2, and lithium methyl carbonate (LiOCO2CH3) [209,213]. The reactions must 
take place within the electrode’s ESW to provide reversibility to the rechargeable batteries 
[214]. This passivation layer is usually, but not exclusively, formed in the first load cycles 
of the LIBs, mainly at the negative electrode, as this electrode operates at voltages outside 
the electrolyte’s ESW. 

Furthermore, a passivation layer is also formed on the surface of the positive elec-
trode at the electrode/electrolyte interface, and in such cases, is named Cathode–Electro-
lyte Interface (CEI). It is essential to note that one of the significant shortcomings of the 
literature concerns the lack of an adequate description of CEI. The CEI improves Cou-
lombic efficiency and overall battery capacity retention [215]. The detection, measure-
ment, and characterisation of the CEI layer are not trivial due to the high potentials in this 
electrode that are close to the stability window of commercial carbonate electrolytes 
[208,216–218]. Furthermore, the complexity of determining and understanding the for-
mation phenomena of CEI is increased due to the numerous chemical reactions that occur 
near the positive electrode, including nucleophilic reactions, induced polymerisations, 
and dissolution of transition metals. 

Moreover, the formation of SEI consumes cyclable lithium and electrolytic materials 
due to the irreversible electrochemical process of electrolyte decomposition. On the other 
hand, the SEI layer prevents further reactions between Li+ and electrolyte solvents, con-
tributing to battery stability, and a controlled SEI formation is essential to prevent short 
circuits and to ensure safe battery operation. On the other hand, if the SEI layer is not 
formed properly or becomes unstable, it results in capacity loss, reduced cycling perfor-
mance, and compromises safety issues in the battery [194,210,219]. 
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The desolvation process of lithium ions during their incorporation into the graphite 
anode structure is crucial because it directly affects the performance and durability of the 
battery. In addition, incorporating lithium ions into graphite anodes that are still bound 
to solvent molecules may cause mechanical degradation or exfoliation (delamination). The 
SEI layer effectively removes lithium ions from their solvation shell, enabling a smooth 
intercalation process vital to anode integrity and performance in lithium-ion batteries. 
One of the most significant achievements in LIB technology was the application of car-
bonate solvents, including Ethylene Carbonate (EC), which contributes to the establish-
ment of a stable SEI layer [220]. 

Furthermore, the SEI layer is crucial to ensure the chemical and electrochemical sta-
bility of the battery, as it allows the transportation of Li+ while blocking electrons, ensuring 
the continuation of the electrochemical reactions but avoiding the additional electrolyte 
decomposition because it is almost impenetrable by the electrolyte molecules 
[194,217,221,222]. In addition to these factors, the SEI stabilises the electrode, allowing a 
more significant number of cycles [223]. However, the SEI layer is formed by four main 
factors: (i) breakdown of solvents and electrolytic salts, (ii) chemical breakdown of elec-
trode materials, (iii) consumption of lithium, and (iv) co-insertion of organic solvents in 
the electrodes. These effects cause battery capacity loss, reducing the energy density and 
increasing the cell’s internal resistance and temperature. Consequently, this is going to 
accelerate the battery degradation mechanisms [212,224,225]. Furthermore, approaches to 
obtain a stable SEI layer and inhibit electrolyte and electrode material consumption in-
clude the use of electrolyte additives, the design of anode materials with high wettability, 
the development of an artificial SEI layer before battery assembly, and the use of binders 
and separators that facilitate SEI formation [220]. 

In addition, battery degradation can happen in two ways: decreased capacity and 
decreased power due to loss of inventory lithium, negative electrode capacity, and posi-
tive-electrode capacity. The decrease in battery capacity refers to the decrease in the 
charge that a battery can store per unit of time, usually expressed as a percentage. The 
energy decrease refers to reducing the ability to supply energy because of increased inter-
nal resistance [226]. Therefore, as the negative and positive electrodes are related to sev-
eral battery ageing mechanisms, the following sections aim to explain in detail the degra-
dation mechanisms that occur in the negative electrode, positive electrode, separator, and 
electrolyte, and, finally, a discussion is presented. 

5.1. Degradation Process at the Negative Electrode 
Negative electrode ageing is mainly caused by lithium coating, electrolyte decompo-

sition, solvent co-intercalation, gas evolution, decreased accessible surface area (due to the 
SEI layer), changes in porosity, loss of particle contact (due to changes in volume due to 
cycling), binder and electrolyte decomposition, and corrosion of the current collector, as 
detailed in Figure 6 [30]. 

The formation of the SEI layer can consume 10 to 15% of the battery’s initial capacity, 
but during the operation this capacity loss is lower than when the SEI layer is formed, and 
this passivation layer is stable most of the time; the batteries operate within their stability 
window [220,227–229]. The SEI layer formation process requires controlled conditions and 
technical knowledge about the batteries. Furthermore, the SEI depends on the Specific 
Surface Area (SSA) of the graphite anode, which is related to the type and graphite mor-
phology. On the other hand, the formation conditions of the SEI depend on the electro-
lyte’s concentration, electrochemical conditions, and cell temperature. After long periods, 
corrosion of the SEI may occur, and the formation of an additional SEI produces a new 
capacity loss [226]. 

After assembly, the batteries are initially discharged because the carbon lithium is 
unstable in the air. Therefore, Li+ may exist only in the electrolyte or interspersed at the 
cathode. As mentioned above, the SEI layer is formed in the battery’s initial cycle, which 
is a thin film formed at the anode due to the reaction of the Li+ of the cathode and the 
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organic compounds of the electrolyte solvent [226]. Then, battery manufacturers must 
conduct the first charge before releasing them on the market, aiming to prevent capacity 
loss on the initial charge [212]. On the other hand, despite the capacity loss from the initial 
cycle, batteries can be used in EVs for many years [217]. 

 
Figure 6. Lithium-ion negative electrode ageing: causes, effects, and influences. Adapted with per-
mission from ref. [230]. Copyright (2004), Elsevier. 

The intercalation of solvated Li+ in the graphite anode can induce graphite exfolia-
tion, producing gases capable of cracking the SEI. Therefore, it expands, increasing the 
internal cell’s pressure and causing mechanical stress [231]. The cycling effect increases 
and reduces the graphite particle diameter, which implies a variation in the cell volume, 
and the carbonaceous electrode is lithiated and de-lithiated in this process. This volume 
change causes an increase in the cell’s mechanical tension, which results in graphite exfo-
liation by particle cracking. The reduction in the amount of active material available al-
lows the broadening of the SEI layer in a more significant number of locations that become 
available at the electrode/electrolyte interface. Then, the simultaneous insertion of the 
electrolyte components with the insertion of lithium in the spaces available by the cracks 
caused by the negative electrode expansion in the SEI layer increases the thickness and 
the cell’s resistance, consuming the cyclable lithium and reducing the system’s capacity 
[212,226]. Moreover, the accumulation of Li+ on the SEI causes an increase in localised 
resistances [61]. In conjunction with the lithium plating, this factor results in non-uniform 
resistances and current distribution [61]. This non-uniformity contributes to the non-uni-
form degradation of second-life batteries. 

An observed correlation exists between the SEI layer thickness broadening and the 
corresponding rise in the rate of battery over-discharge. The notable rise in cell 
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temperature as the SEI layer thickness and discharge rate increase have been evidenced 
in a study conducted by Andriunas et al. [232], as the capacity of batteries tends to de-
crease as the particle size of both electrodes increases. In addition, delamination can occur 
in two ways: the first occurs when the electrode volume expansion breaks the connection 
between the electrode and the collector. The second possible way of delamination is 
caused when the current collector is not able to insert lithium. In that case, the electrode 
does not increase in volume, but increases the surface tension of the negative electrode–
current collector interface, causing the connection between the electrode and current col-
lector, resulting in delamination. Delamination implicates higher internal resistance and 
current congestion at the interface, which can cause short circuits [212,226]. Current con-
gestion at the interface can induce local lithium metal growth, which can eventually lead 
to dendrite formation and culminate in a short circuit. 

Furthermore, a high SOC decreases the potential of the negative electrode that is 
highly lithiated, allowing for a thermodynamic process where lithium is deposited on the 
electrode instead of being intercalated during charging. To avoid this problem and to pre-
vent the negative electrode from being fully lithiated, battery manufacturers design this 
electrode with 10% of the positive-electrode capacity [226,233]. In addition to the SOC, the 
temperature also influences the batteries’ degradation; once the high temperature in-
creases, the SEI solubility can create lithium crystals less permeable to Li+, which increases 
the negative electrode impedance [226,233]. 

Similarly to the SEI formation, lithium coating is one of the most significant degrada-
tion mechanisms and compromises the safety of batteries. The lithium coating consists of 
the coating of negative electrodes with lithium, as Li+ move between the electrodes while 
the battery is charging and further intercalates in the active material of the negative elec-
trode, which in most cases is graphite. 

Moreover, two factors cause lithium coating, and the first one is charging batteries at 
low temperatures with a high C-rate and high SOC. This factor is caused by charging bat-
teries at low temperatures, with high current rates and high SOC, limiting lithium diffu-
sion and the transfer of charge at the interface formed by the graphite and the SEI. This 
causes the graphite particle surface to be saturated with Li+, polarising the negative elec-
trode and forcing the graphite potential to reduce under the lithium potential limit (0 V), 
and consequently, the negative electrode is coated by lithium [234,235]. In this context, the 
potential difference between Li+ intercalation in graphite and the formation of metallic Li 
must be lower than 90 mV if the cell is nearly fully charged [236]. Other negative electrode 
materials, such as LTO, are safer than graphite-like electrodes, but they provide lower cell 
voltage and energy density. 

The second factor is an imbalance in the capacity of the cell, specifically a capacity 
loss of the negative electrode, which drives it below one of the positive electrodes. This 
can create (local) litigation and lithium plating, even at higher temperatures. The lithium 
coating can be responsible for serious safety failures because the lithium deposition on the 
anode can form dents or mosses, which can cause capacity loss and short circuits [234,235]. 
It also increases cell resistance due to the formation of thin films in the coated lithium 
metal and reduces electrolyte ionic conductivity [234]. 

Negative electrodes of batteries that have reached their full lifespan can be further 
recycled. However, such procedures necessitate the purification of graphite impurities 
and the reconstitution of particle morphology. This can be accomplished by applying acid-
washing techniques for graphite decontamination and high-temperature annealing for 
particle structure restoration. Further research is required to address the significant initial 
cycle losses resulting from the graphite’s increased exposure to the electrolyte during an-
nealing and morphology restoration. Innovative, low-temperature refining techniques for 
electrodes are advantageous. The effectiveness of the anode recycling procedure depends 
on the ultimate lifecycle conditions of the electrode, which include cycle history and bat-
tery usage variation [24]. Despite its abundance and low price, graphite recycling presents 
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a significant challenge. However, there is still no established method for regenerating bat-
tery-recovered graphite to electrochemical grade specifications [24]. 

5.2. Degradation Process at the Positive Electrode 
Positive-electrode degradation mainly results from material loss and SEI layer 

growth. The active material loss occurs due to the dissolution of the transition metals from 
the cathode, and their further reaction with the electrolyte, which is accelerated at high 
temperatures. The presence of water in the batteries can cause hydrolysis with the LiPF6 
salt, forming hydrofluoric acid and causing the dissolution of the transition metals. Posi-
tive electrodes containing manganese (Mn) usually dissolve transition metals when the 
discharge is completed. Cathode transition metals that have been dissolved in the electro-
lyte can react with the SEI layer formed on the negative electrode’s surface, increasing the 
conductivity, forming additional SEI and dendrites, and decreasing the quantity of active 
materials available in the electrode [226]. 

Furthermore, a reaction between the transition metal and the SEI causes the loss of 
inventory lithium when the cathode is exposed to the electrolyte. The SOC also influences 
positive-electrode degradation, considering that a low SOC can reduce the amount of lith-
ium that can intercalate in the positive electrode, promoting structural changes in this 
electrode. At the positive electrode, high temperatures can culminate in the loss of oxygen 
from the metal oxide, and, together with the electrolytic decomposition promoted by high 
voltages, it can generate the cracking of particles and produce gases inside the batteries [226]. 

Therefore, based on the factors that affect the battery’s degradation mechanisms, it is 
possible to state that LIBs are degraded more quickly when the cell operates outside its 
ESW. The ESW consists of a voltage range and temperature that the cell can safely operate 
with minimised degradation mechanisms. Otherwise, when the cell operates outside its 
ESW, effects that accelerate cell degeneration can occur, and more severe effects that de-
grade the cell quickly can also compromise its safety. This is why a BMS is required to 
control some parameters (e.g., potential, current, and temperature) to keep the cell oper-
ating within its stability window. 

To summarise the degradation mechanisms, it is possible to highlight that the posi-
tive electrode degrades due to a combination of factors, which include active mass attri-
tion, electrolyte degradation, gas generation, binder corrosion, and the formation of the 
SEI. The positive electrode is strongly related to SOC and temperature [217,225,237]. 

5.3. Degradation Process at the Electrolyte 
Electrolytes undergo a degradation process caused by the decomposition of salts and 

solvents and the formation of electrolyte interphases during cycling [238]. In the initial 
cycles of the cell, the electrolyte comes into contact with the negative electrode, which 
generally operates at voltages below the electrolyte’s ESW. This contact between the an-
ode surface and the electrolyte accelerates the redox processes, causing the electrolyte’s 
decomposition and reducing the battery’s performance. In summary, it is possible to state 
that the decomposition of electrolyte solvents is one of the most significant degradation 
mechanisms that occurs in electrolytes. 

Furthermore, the products formed by the reactions that result from electrolyte de-
composition can be used as a marker of the health status of electrolytes in batteries [134]. 
In a study conducted by Weber et al. [239], the authors noted that organophosphate mol-
ecules can be a type of marker to assess the health status of lithium hexafluorophosphate 
(LiPF6)-based electrolytes. However, the products of the reaction can have a variety of 
molecules, such as ether, organocarbonate, and organophosphate species [134]. Therefore, 
further studies should be performed to identify more markers that can be used to assess 
electrolyte health status. This will allow the possibility of assessing the need for predictive 
battery maintenance for the second-life battery market, developing a unique identifier, 
and estimating the battery safety level. 
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The decomposition of solvents also causes the formation of CEI and SEI, and multi-
functional additives can be used to form protective films on the electrode surfaces to pre-
vent these electrolyte decompositions. In a work conducted by Henschel et al. [240], the 
authors investigated the degradation mechanisms of an electrolyte containing LiPF6 dis-
solved in a mixture of organic carbonates. The results showed that the electrolytes un-
dergo thermally and electrochemically induced degradation. Furthermore, high temper-
atures can accelerate the degradation mechanisms in certain types of batteries because it 
causes the formation of ethylene glycols via EC polymerisation and subsequent decarbox-
ylation. Therefore, some ways to suppress electrolyte decomposition still need to be ex-
plored, aiming to increase batteries’ thermal and electrochemical stability. 

Moreover, the results discussed in a work conducted by Dose et al. [241] indicate that 
the performance of batteries containing nickel-rich cathodes, such as NMC811 
(LiNi0.8Mn0.1Co0.1O2), can be limited by the main component of conventional electrolytes, 
known as Ethylene Carbonate (EC). The main reason for this limitation is that, in scenarios 
where batteries are charged at high potentials (above 4.4 V vs. Li/Li+), EC can increase 
oxygen release, causing oxidation/breakdown of electrolytes and degradation of the cath-
ode surface. However, this increase in oxygen release was not observed in NMC111-based 
batteries, independent of the electrolyte. Therefore, it is possible to observe that the devel-
opment of electrodes with different chemistries has increased the useful life of the batter-
ies and improved their performance. Otherwise, electrolytes compatible with these electrodes 
need to be developed to ensure battery safety. Furthermore, the degradation of NMC811-
based batteries can also occur below the cutoff potential. In this case, the electrolyte over-de-
composition processes are mainly caused by electrolytic oxidation of electrolytic solvents 
[241]. This electrolytic oxidation is caused by oxygen release, as discussed earlier. 

In addition, the electrolyte degradation mechanisms in secondary lifecycle batteries 
have rarely been investigated. The findings delineated in a study performed by Attidekou 
et al. [61] elucidate the impact of electrolyte degradation on ionic mobility diffusion phe-
nomena. The deposition of Li+ on the SEI subsequently causes an increase in local re-
sistance, which is a phenomenon that induces lithium plating, resulting in an uneven re-
sistance and current distribution. This results in selective conduction pathways due to the 
SEI thickness and the consequential loss of material conductivity. 

5.4. Degradation Process in the Separator 
The separator has a fundamental importance in avoiding short circuits and, conse-

quently, establishing the safety and reliability of batteries. The separators are a fundamen-
tal component for battery safety and must be disconnected in the event of an abnormal 
temperature increase or a thermal runaway [242]. Short circuits are responsible for serious 
safety failures in batteries, which can cause fire and outbursts. A brief circuit occurs when 
a path of minimal resistance connects both electrodes, causing a sudden current surge and 
accelerating the generation of ohmic heat [243]. Short circuits can be classified as external 
or internal. External short circuits happen while the tabs are aligned along a low-resistance 
path; in contrast, internal short circuits happen when there is a failure in the separator 
layer. Another issue that can cause a short circuit is nail penetration, when a metallic nail 
penetrates the separator, connecting the electrodes current collectors and resulting in an 
internal short circuit. Furthermore, the penetration of the separator by impurities or lith-
ium dendrites facilitates low-resistance connections between the electrodes, and it can cul-
minate in an internal short circuit [243]. As a result, an increase in temperature is observed, 
and consequently, the separator melts [179,244]. 

In a work conducted by Li et al. [242], the authors highlighted four main phenomena 
that cause separator degradation, which are (i) growth of lithium dendrites culminated by 
separator pores, (ii) blocking passes in the separator during cycling, and (iii) structural 
degradation due to high temperature or a long number of cycles. Furthermore, Internal 
Short Circuit (ISC) has also been investigated in a study conducted by Liu et al. [244], 
which investigated the Electrochemical Impedance Spectroscopy (EIS) tests of LIB cells 
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without LiPF6 to assess the short-circuit resistance. Additionally, accelerated calorimetry 
and separator oven tests were used to evaluate thermoelectric behaviours and short-cir-
cuit failure modes. The findings suggest that voltage failure occurs due to self-discharge 
resulting from ISC, such as those of the Al-Cu and Al-An types, at low SOC. In contrast, 
voltage failure occurs due to separator collapse, and at high levels of SOC, a distinct ex-
tension of the ISC region, such as the Al-An type of ISC, indicates a more significant po-
tential hazard. The expansion behaviour of ISC affects the safety characteristics of the bat-
tery, which is significantly influenced by the separator’s thermal stability. The ageing of 
the separators causes a reduction in the mechanical strength of the separator as the num-
ber of cycles are extended, reducing the battery’s ability to withstand mechanical impact 
and battery safety. 

However, high temperatures can overheat the cell, causing thermal shrinkage or even 
melting the separator, resulting in a short-circuit. The first stage of separator disintegra-
tion is dependent on the separator’s constituents. The melting values of polyethylene and 
polypropylene are 130 °C and 170 °C, respectively, according to previous studies reported 
elsewhere [185,245]. Thermal shrinkage is typified by a decrement in the polymer separa-
tor’s pore size, an effect induced by the separator’s swelling. This, in turn, curtails the 
comprehensive coverage of the separator, leading to a consequential decrease in pore di-
mensions. This alteration precipitates a decline in the velocity at which Li+ traverses the 
separator, thereby impairing the battery’s capacity to supply elevated current rates. Exist-
ing works in the literature also showed that increasing the number of cycles causes a re-
duction in pore size. The reduction of separator pores is accentuated at high temperatures, 
which causes an increase in battery impedance and ionic conductivity. 

The electrode cycling process influences the separator; as the electrode undergoes 
expansion and compresses the separator, the battery charging process causes the reduc-
tion of the useful lifetime of the separator. Furthermore, the electrolyte can also influence 
the elasticity of the separator and, consequently, the separator’s performance. Beyond this 
point, the presence of liquid electrolyte into the separator reduces its elasticity, which is 
an important indicator of the separator degradation level. 

In a study conducted by Yuan et al. [246], the authors evaluated the performance of 
polyolefin separators in puncture, expansion, and softening tests in electrolytic solvents. 
The exposure of the separators to cyclic understanding caused a decrease in ionic conduc-
tivity, a decrease in the C-rate capacity, and poor electrochemical performance of the sep-
arator, which consequently reduced the battery’s useful life. 

5.5. Degradation of Large-Format LIBs 
Large-format cells are designed to provide the necessary power and energy for the 

vehicle’s operation. Increasing the size of the cells, however, causes higher energy density 
but vulnerability to safety-related incidents due to the more significant stored energy and 
cooling difficulties because of the lower surface/volume ratio [247]. The increase in battery 
size also leads to an increase in degradation mechanisms, causing a gradual loss of battery 
capacity and performance over time. The lack of uniformity or consistency within the bat-
tery pack (i.e., inhomogeneities) mainly causes the degradation processes in large-format 
batteries for EVs. The presence of inhomogeneities can be due to variations in cell manu-
facturing, differences in cell performance, or uneven distribution of electrical and thermal 
loads within the battery pack [248]. 

The presence of inhomogeneities can considerably impact the battery degradation 
processes, which can lead to uneven distribution of current and heat within the battery 
pack and accelerate degradation in specific cells or regions. Inhomogeneities can also re-
sult in variations in the cells’ current density, voltage, SOC, temperature, and SOH, further 
contributing to degradation [249]. Furthermore, the degradation process involves the initia-
tion of lithium deposits in regions with high current density, which then propagate and cause 
pore closure in the separator. A peak height from a differential voltage curve can be used as 
an indicator to detect inhomogeneity and guide the development of large-format cells [250]. 
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Temperature variations across the cell accelerate degradation in hot spots, and they 
can cause inhomogeneous temperature ranges, influencing degradation behaviour. High 
temperatures accelerate side reactions, altering SEI layer composition and increasing in-
ternal resistance. In a study conducted by Xie et al. [250], it was confirmed that homoge-
neities affect battery degradation by observing battery degradation that first occurred in 
regions close to the battery tabs, which consisted of the initial degradation effects before 
spreading to the central regions of the battery. Furthermore, the authors employed Scan-
ning Electron Microscopy (SEM) and Nuclear Magnetic Resonance (NMR) techniques to 
provide evidence that lithium plating was the primary side reaction that caused non-uni-
form degradation. Furthermore, it was concluded that lithium plating caused the defor-
mation of the battery during the ageing process. Finally, the results have shown that the 
region with a high current density, which is the area where the most degradation occurs, 
shifted towards the battery centre after sheltering the tab-near regions with deposited lith-
ium. Then, this shift in the high-current-density areas supports the idea that the degrada-
tion starts in the tab-near regions and spreads to the central areas. 

The current inhomogeneities in large-format cells are discussed in many papers in 
the literature. Another important factor refers to the required distance for the ions to move 
within the battery during electrochemical reactions. In a study conducted by Zhou et al. 
[251], the uneven distribution of the degree of lithiation/delithiation within the cathode 
material has been observed. According to the authors, this distribution is generally une-
ven and causes particle damage, such as cracks and spraying. The authors also identified 
that the effect of degradation was more severe in regions close to the near flap and the 
bottom of the electrode, similar to the study conducted by Xie et al. [250]. 

Furthermore, in a work conducted by Li et al. [252], the authors investigated degra-
dation in large-format prismatic LIBs at a preload force of 2.5 kN at 25 °C while charged 
and discharged, observing that degradation occurs in two stages. The first one is charac-
terised by linear degradation, meaning that the degradation occurs at a constant rate. The 
second stage is characterised by a non-linear degradation, meaning the degradation rate 
varies, which is also referred to as rollover failure. The term “rollover” is used to describe 
the phenomenon where the degradation rate of the batteries increases significantly after a 
certain point, leading to a rapid decline in their performance. The postmortem analysis 
revealed that in the arched regions of the jelly roll, there were instances of lithium plating, 
which consists of the emergence of metallic lithium on the electrode surface. 

Additionally, the cathode materials were found to be delaminated, meaning that they 
were separated or detached from the electrode structure. Furthermore, the SEM images 
showed that the graphite particles in the arched regions of the jelly roll were deformed 
and cracked. Moreover, it was observed that their cycle life, which is associated with the 
number of cycles the batteries can undergo before their performance significantly deteri-
orates, was reduced when the LIBs were subjected to a preloading force of 5.5 kN, evi-
dencing that mechanical force contributes to the rollover failure. Moreover, the Shift Volt-
age-Resistance Voltage (SV-RV) analysis indicated that the formation of lithium plating 
on the electrodes typically occurs after approximately 300 charge–discharge cycles. The 
results showed that battery degradation in the non-linear stage is attributed to two factors: 
loss of active materials, which refers to the degradation or depletion of the electrode ma-
terials, and Li inventory loss. Finally, lithium inventory and active material losses com-
prise the primary degradation mechanisms in this stage, as these factors contribute to the 
increase in resistance within the battery. 

In large-format cells, the non-uniform distribution of the SOC leads to local degrada-
tion, necessitating a deeper understanding to improve battery management systems. The 
non-uniform distribution of SOC in large-format cells mainly results from the non-uni-
form distribution of current during charge and discharge cycles, temperature differences 
that cause side reactions, and change in the voltage window within which a battery oper-
ates due to side reactions, such as passivation film formation. Side reactions can lead to 
an incompatibility in lithiation levels between the electrodes, increasing the risk of thermal 
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runaway. Furthermore, SOC window slippage is the primary reason for irreversible ca-
pacity loss in NCA-type large-format battery cells [253]. 

The ageing of large-format cells should be investigated under fast-charging condi-
tions. In a study conducted by Sieg et al. [254], the authors investigated the ageing of large 
format cells under fast-charging conditions, showing that cell ageing is mainly due to elec-
trolyte consumption in fast-charging scenarios. The cell’s charging capacity was lost due 
to the metallic Li deposition and its further reaction with the electrolyte. According to the 
authors, the electrodes did not significantly impact the batteries’ fast charging capacity. 
Furthermore, the authors found that battery ageing caused a significant loss of accessible 
cathode material, which has not been observed for anode material. These results are im-
portant for optimising the BMS design to adjust the charging currents based on the bat-
tery’s health status. Furthermore, controlling the amount of electrolyte contributes to ex-
tending the useful life of the batteries. 

The battery’s internal impedance is also an important parameter for evaluating bat-
tery degradation. In a study conducted by Li et al. [255], the authors observed a significant 
degradation in pouch cells that were cycled under a high-pressure level. Furthermore, the 
authors reported that cell heterogeneity increases as cells age. This result is important for the 
second-life scenario, in which many cells with high heterogeneity are expected. Thus, BMSs 
for these applications must be designed to deal with these degrees of heterogeneity [22]. 

For small-scale LIBs, the macroscopic parameters, including material thicknesses, 
current collector, and separator, have not played a significant role. However, when the 
cells are upscaled, these dimensional parameters gain importance and cannot be neglected 
anymore [249]. Because of the size, inhomogeneities are also more noticeable than in small 
format Li-Ion cells [256]. 

Moreover, higher effects of inhomogeneous current distribution result when increas-
ing the size of the cells [189,249,255,257]. Inhomogeneities in the discharge currents be-
come apparent, particularly in the case of higher discharge rates. Especially in the cell tabs, 
the discharge currents are notably greater than in the surrounding area. This also results in an 
inhomogeneous discharge of different cell areas [258], and inhomogeneous temperature 
ranges across the cell co-occur with unevenly distributed discharge currents [249]. 

The temperature gradients within large-format battery cells profoundly impact their 
degradation mechanisms. The surface-to-volume ratio is reduced when the cell size in-
creases, reducing heat dissipation efficiency, which is a phenomenon that results in ele-
vated heat flux within the cell. Concurrently, the reduced cooling surface relative to volu-
metric heat generation reduces the cell’s overall cooling capacity. Furthermore, the more 
considerable heat diffusion distances in such cells increase thermal resistance, further 
complicating heat removal efficiency. These factors contribute to developing temperature 
inhomogeneities within the cell, accelerating ageing processes such as electrolyte oxida-
tion, SEI layer formation, and lithium plating [247]. Finally, elevated cycling temperatures 
facilitate local overload reactions, accelerating degradation [253]. 

Moreover, localised hotspots can initiate a thermal runaway, potentially due to inter-
nal short circuits, which is particularly hazardous in large format cells because of their 
substantial energy content. It can lead to uneven ageing across the cell, causing capacity 
to fade and impedance to rise, ultimately reducing the cell’s lifespan and operational 
safety. Mitigating these thermal effects through advanced thermal management systems 
and cell design optimisation is essential for extending longevity and providing safety for 
large-format battery cells [247]. 

During their service life, LIBs undergo various forms of deformation, and a distinc-
tion can be made between reversible and irreversible deformation. In this context, reversi-
ble deformation is defined as the deformation during the cycling process [259], while ir-
reversible deformation is due to degradation processes [260]. At higher levels of defor-
mation, this can also negatively affect further degradation behaviour. Increasing defor-
mation may cause significant mechanical stress on the cell, which can further expand the 
porosity of the relatively weak separators and thus accelerate degradation [261]. 
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The study presented by Chen et al. [262] investigated the deformation behaviour of 
an LIB, in particular a 100 Ah prismatic cell, which indicated that the deformation over 
the battery is inhomogeneous. The main reasons for this were local differences in the SOC, 
temperature variations, and variations in stiffness between the central and border areas of 
the battery. 

The irreversible deformation can exceed 45% of the total thickness of new cells, and 
aged cells can, therefore, have significant internal forces, which particularly stress the sep-
arator. These effects can thus lead to severe cell degradation, and intense deformation can 
be reduced by using spacers within the cell [261]. 

Over time, the previously described inhomogeneities in large-format Li-Ion cells can 
lead to localised cell ageing. This results in creating more robust and weaker regions in 
the cell. This leads to faster ageing compared to smaller cells, especially for large-format 
cells [249]. The individual packs of LIBs often have a different orientation, which results 
in some cell areas being wetter than others due to gravity force. It also leads to local tem-
perature differences, which, in the long term, result in inhomogeneities in ageing. Orien-
tation should thus also be considered in second-life application. 

6. Discussion 
6.1. Main Findings 

Concerns regarding batteries, particularly those utilised in EVs, focus on the potential 
mechanical pressures induced by incidents such as vehicle collisions. Such pressures may 
exert force on the electrodes, resulting in their breaking or shredding across the separator. 
This may culminate in a short circuit within the cell, compromising its functionality. The 
cell short-circuit can also be caused by the separator break because of the formation of 
dendrites on the electrode surface, as previously detailed. Therefore, battery manufactur-
ers design electronic circuits to control the voltage so that its value is not reduced below 
the cut-off voltage, so as not to make the negative electrode decompose, ensure safety, 
protect the cell, and increase the RUL [154]. 

Furthermore, a battery module in field deployments typically comprises electro-
chemical cells connected in series, parallel, or hybrid configurations. Different degrada-
tion rates among cells are possible in this context, and due to the degradation differences, 
cells in the same module may have heterogeneous SOC. Furthermore, manufacturing er-
rors, material defects and contamination, cell architecture, and the susceptibility of large-
format ion cells to mechanical, thermal, and chemical stresses can also cause variability. 
Generally, individual cells show performance variations depending on the operational 
conditions, and a battery module imbalance can result in an unequal distribution of cur-
rent levels among the cells due to differences in the SOC. Then, cells that are not in syn-
chrony with one another could experience deep discharges or operational overloads as a 
result of this less-than-ideal current distribution [186]. To minimise this problem, batteries 
are equipped with an energy management circuit that seeks to maintain the charge state 
of the cells uniformly. To balance the SOC of each cell, the BMS seeks to transfer the charge 
from the most charged cell to a less charged cell to balance the entire battery module [212]. 

The BMS should monitor and estimate the parameters cell by cell because a defect in 
only one cell compromises the performance of the entire package, jeopardising its entire 
package security, as the cells have different degradation levels, capacities, and loading 
and unloading times. Then, a cell with low capacity reaches full charge in a shorter time 
than non-degraded cells with nominal capacity. If there is a heterogeneous pack, i.e., com-
posed of cells with different levels of degradation and, consequently, different capacities, 
the battery that has the lowest capacity achieves the state of full charge in a shorter time, 
and its voltage will increase beyond the limit of the cell, causing an overvoltage, and pre-
senting a poorer performance, as degraded cells present a capacity lower than non-degraded 
cells and discharge faster. A protection circuit is necessary to prevent the cells from exhausting 
their voltage or reducing their voltage to a value lower than their threshold [263]. 
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Thus, understanding the causes and mechanisms of degradation and how they relate 
to degradation modes to produce effects on batteries is fundamental for batteries utilised 
in EVs to be safely reused. The battery capacity reduction depends on the lithium inven-
tory and active material losses of both electrodes, as detailed in Figure 7. Furthermore, 
irreversible chemical reactions cause the loss of lithium inventory in LIBs, and these reac-
tions result in the reduction of cyclable Li+ by decreasing the number of locations available 
for lithium intercalation. This reduction is accompanied by the loss of active material from 
the electrodes, resulting in a decrease in the capacity and energy of the battery electrodes. 
The decrease in the number of locations available for intercalation results in a decrease in 
the capacity and energy of battery electrodes [226]. It is essential to observe that the loss 
of capacity and energy can happen side-by-side [226]. 

 
Figure 7. Cause and effect of lithium-ion battery degradation mechanisms related to degradation 
modes. Adapted with permission from ref. [97]. Copyright (2020), IEEE Xplorer. 

Moreover, the leading causes of battery degradation are time, high and low temper-
atures, high charge current, mechanical stress, and the high and low association of the cell 
voltage with the SOC [154]. The parameters that influence heat generation include elec-
trolyte volume fraction, resistance, and capacity [257]. These factors should be considered 
to optimise the design and control of the thermal management system. 

The ageing process of the cells during operation in EVs is not uniform, so the cells 
degrade individually. After reaching 70 to 80% of the remaining charge, some cells may 
suffer an abrupt fall in health when they reach 60% of SOH, causing their sudden death 
and making it impossible to reuse, while other cells may continue to work beyond that 
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limit. However, this fact is not yet clearly explained in the literature and requires future 
studies to explain this phenomenon [225,264,265]. 

Furthermore, battery manufacturers recommend discharging batteries to a cut-off 
voltage level to preserve the device, minimise degradation effects, reduce battery stress, 
preserve some energy for maintenance, and prevent self-discharge. Then, users should 
also follow some recommendations while charging batteries, such as charging them at a 
constant voltage for a specific period, allowing enough lithium amount to intercalate at 
the negative electrode [212]. 

Battery storage must also follow safety standards and protocols to prevent fires and 
explosions in these locations, and it is recommended that batteries are stored at low tem-
peratures when not in operation [266]. In summary, it can be noted that batteries can age 
in EVs due to three main factors related to operating conditions [267]: 
• Battery charging type: slower battery charging provides a lower rate of battery deg-

radation. 
• Battery composition and chemical properties: battery characteristics such as voltage 

level, chemistry, performance, and efficiency can influence the battery’s degradation 
process. 

• Climate: when exposed to low or high temperatures, batteries degrade quickly. 
Figure 7 shows an overview of different ageing mechanisms and how they are inter-

linked, evidencing the complex ageing behaviour of LIB cells and pointing out investiga-
tions that need to be performed before using second-life LIB cells. This overview helps to 
determine the state of used cells/batteries and distinguish which second-life application 
the cells can be used in. After understanding the degradation mechanisms in second-life 
batteries, it is plausible to understand the reuse process of this type of battery. Regarding 
large-format Li-Ion cells, as is often the case with EVs, it must be noted that ageing can be 
faster than in small cells and locally different due to inhomogeneity. Other factors, includ-
ing the original orientation in the vehicle, should also be considered, as these also influ-
ence ageing behaviour. 

6.2. Comparison with Other Studies 
There is great interest in describing, understanding, and modelling battery degrada-

tion. Numerous reviews are available in the literature that discuss battery diagnosis, SOH 
prediction [268,269], SOX estimation [270,271], RUL estimation [272–282], battery charg-
ing, and fault prognostic methods. However, most models described in the literature are 
not chemical-agnostic and only extrapolate from cell to pack level. In the review study 
reported by Li et al. [268], the authors divided the degradation modes of batteries into loss 
of lithium stock, active electrode material loss, and increase in resistance. The authors also 
presented a short discussion on the main degradation mechanisms but approached the 
subject in sufficient depth to explain all the phenomena, the causes, and the forms of mit-
igation. Furthermore, the authors presented an interesting discussion about the tech-
niques for establishing the SOH and the useful life of batteries. 

Some reviews previously reported elsewhere [283] have presented a description of 
battery diagnostic methods that were categorised into empirical, model-based, data-
driven, and hybrid methods. These reviews also present an excellent discussion of prom-
ising techniques for diagnosing batteries and future opportunities and challenges. How-
ever, these studies have not profoundly investigated battery degradation mechanisms, 
SOH estimation methods, and short-circuit diagnostic methods. 

Moreover, the degradation effects of LFP-based batteries have been previously re-
viewed elsewhere [133], and these studies related degradation effects to the formation of 
cracks that increase surface roughness. These cracks are mainly formed in the first charge 
and discharge cycles and are accelerated at high rates of SOC and depth of discharge. 
These reviews have also stated that the loss of cell capacity is directly related to the deg-
radation mechanisms at the anode. 



Energies 2024, 17, 3372 38 of 52 
 

 

Briefly, there are excellent review articles [217,284,285] that try to explain battery deg-
radation phenomena. The main internal factors highlighted in the literature are (i) the loss 
of inventory lithium, (ii) electrode active material loss, and (iii) electrolyte conductivity 
decrease, resulting in capacity and power loss. The main causes reported are (i) high tem-
peratures, (ii) high battery charge and discharge rates, and (iii) cycles with high discharge 
depth, voltage, and current. 

6.3. Implication and Explanation of Findings 
In general, studies are still needed to improve existing battery self-diagnosis meth-

ods. Diagnostic methods that use non-destructive techniques to avoid the need to disas-
semble or destroy batteries tend to be faster and cheaper and, therefore, more promising 
[90]. In addition, ideal batteries should be able to self-diagnose and reduce testing time 
and cost. 

According to a work conducted by Preger et al. [286], NMC- and NCA-based cells 
have accelerated degradation mechanisms at high discharge depth rates, while LFP-based 
cells are more stable. The authors showed that cells with different chemistry are influ-
enced by temperature in different ways. LFP cells suffer a more significant capacity loss 
than NMC and NCA cells when exposed to high or low temperatures. Therefore, efficient 
thermal management is essential to extend the useful life of batteries and ensure that the 
cells will have the ideal conditions for a second use. 

Understanding the ageing mechanisms of batteries becomes easier with understand-
ing the factors that cause the establishment of the SEI. The existing works in the literature 
[286] report that the change of positive potential in the anode causes an overload in the 
cathode material, accelerating its degradation. The loss of capacity of LIBs is related to the 
loss of oxygen and the loss of free Li in the SEI. Hopefully, these phenomena can be miti-
gated with the use of solid electrolytes. 

Data extracted from the literature have shown that battery control systems must be 
appropriately designed to guarantee that the batteries will operate within the appropriate 
temperature, voltage, current, and SOC limits. In this way, it is possible to avoid overload, 
over-discharge, short circuits, electrolyte leakage, thermal runaway, and accelerated deg-
radation [97]. However, battery modelling is challenging because (i) the degradation 
mechanisms are non-linear and the parameters are time-varying, (ii) the internal states of 
the battery can only be measured indirectly, and (iii) the high variability of cells and con-
stant change of technology make it challenging to extrapolate the model from the cell level 
to the pack level [32]. Furthermore, different LIB operating scenarios produce different 
degradation phenomena and must be carefully described, as each application has differ-
ent protocols for loading, unloading (direction), and resting time [198]. 

In the case of EVs, parameters such as driving habits, driving frequency, ambient 
temperature, charging habits, road conditions, and terrain conditions can influence LIBs’ 
degradation mechanisms [198]. Commercial chargers generally use the CCCV protocol to 
charge batteries. According to recent studies [287], the utilisation of pulse current for bat-
tery charging and discharging has enhanced the safety and stability of the batteries. Fur-
thermore, pulse currents have advantages over existing charging protocols because they 
balance charge diffusion and electron transfer rates. Pulse charging can effectively prevent 
the formation of dendrites, which are known to form during charging and can cause short 
circuits that may result in thermal runaway, which occurs due to the deposition of Li+ on 
the anode, creating an uneven surface and forming dendrites. Pulse charging mitigates 
this issue by limiting the number of Li+ deposited on the anode at any given time, thereby 
reducing the likelihood of dendrite formation. Pulse protocols can also regulate the tem-
perature of the battery, which is a critical factor that can impact the battery’s safety and 
stability. Pulse protocols can help to reduce the heat generated by the battery, and prevent 
temperature spikes that can result in thermal runaway, by limiting the amount of charge 
or discharge that occurs at any given time [287]. 
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Furthermore, pulse protocols can optimise the charging and discharging rates and 
patterns to improve the efficiency and performance of the battery. Pulse protocols can also 
increase the overall efficiency of the battery, resulting in a longer battery life and improved 
performance, by reducing energy losses during charge–discharge cycles. In brief, pulse 
current charging and discharging protocols offer several advantages over existing battery 
charge–discharge protocols, including mitigating dendrite formation, regulating battery 
temperature, and optimising battery efficiency and performance. However, new loading 
protocols have been investigated to mitigate degradation mechanisms and reduce loading 
time. Despite the efforts of the scientific community to unravel the degradation mecha-
nisms of batteries, further studies must be conducted to better comprehend the degrada-
tion mechanisms in fast-charging scenarios. 

In summary, stationary applications may experience less frequent and less severe 
temperature fluctuations compared to EVs, potentially leading to slower SEI degradation. 
EV applications involve more dynamic operating conditions, including variable loads and 
temperatures, which can accelerate SEI degradation. Low-range vehicles may have 
shorter and less intense usage cycles, possibly resulting in a different SEI degradation pat-
tern compared to EVs. 

6.4. Strengths and Limitations 
This systematic review comprehensively describes the main phenomena that cause 

battery degradation, focusing on LIBs. This paper also discusses the main differences be-
tween the degradation of batteries applied for EVs and other applications, such as portable 
electronics. This systematic review does not discuss the degradation mechanisms that oc-
cur in solid-state batteries. However, the authors encourage the development of new stud-
ies that seek to understand and describe the phenomena that occur at the electrolyte–elec-
trode interface of this category of battery. 

The diversity of battery chemistry, format, and application poses several challenges 
in describing battery degradation phenomena which can affect the safety and reliability 
of these ESSs. Moreover, new studies must be carried out to describe battery degradation 
phenomena and produce high-fidelity models agnostic to chemistry. Diagnosis and self-
diagnosis of battery health status in real-time are still limited due to a lack of quality data 
and the low processing capacity of current computers. 

Additional research is needed to investigate how smart sensors can contribute to data 
acquisition capable of updating real-time battery models. These models can be robust and 
consider the uncertainties of electronic and battery components. Furthermore, machine-
learning algorithms are an alternative to estimate battery health and system confidence 
levels, predict severe failures, and provide predictive maintenance services. 

6.5. Current Problems and Future Research Directions 
Due to the numerous battery deterioration mechanisms that influence the modules, 

it is still difficult to establish the SOH of batteries at the pack level. The degradation of 
batteries is not uniform, resulting in an electrical imbalance between cells [24]. 

These factors assume more significant concern in rapid charging settings, character-
ised by increased battery charging rates, a trend that is expected to become increasingly 
prevalent. The precise prediction of battery health state is of utmost importance to miti-
gate the necessity of costly, time-consuming, and hazardous battery disassembly proce-
dures. This necessitates the development of robust battery-aging models [24]. 

Battery degradation is a complex phenomenon that arises due to several parameters, 
including temperature, SOC, cycling frequency, and chemical reactions within the battery. 
The most promising research problems in this area include the following: 
• Elucidating the degradation mechanisms: battery degradation mechanisms are still 

not fully understood. Developing accurate models and simulation tools that can 
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explain the physical and chemical processes responsible for degradation is a crucial 
research problem. 

• Developing advanced battery materials: novel materials with high stability and deg-
radation resistance are required to enhance battery performance and durability. Ad-
vanced cathode materials and solid-state electrolytes are currently being studied for 
this purpose. 

• Developing effective BMSs: BMSs are crucial to ensure safe and optimal battery op-
eration. Developing new algorithms and control strategies to optimise battery per-
formance and mitigate degradation is a pressing research problem. 

• Developing reliable testing methodologies: accurate measurement of battery degra-
dation is critical to developing effective strategies to combat it. Developing testing 
methods that provide accurate and dependable battery performance and degradation 
measurements is a critical research problem. 

• Developing predictive models: predictive models anticipating battery performance 
and degradation are needed to create effective maintenance and replacement strate-
gies. Developing models that can account for various parameters that influence bat-
tery degradation, such as temperature, cycling frequency, and SOC, is an essential 
research problem. 
In recent years, several new research topics have emerged that seek to deepen our 

understanding of battery degradation and develop strategies to mitigate its effects. Some 
of the newest issues related to battery degradation include the following: 
• Studying the effects of fast charging: fast charging is becoming increasingly popular, 

but it can also accelerate battery degradation. Researchers are investigating the influ-
ence of fast charging on different types of batteries and analysing how it affects bat-
tery degradation. Researchers aim to develop new charging strategies to minimise 
battery degradation by studying the fundamental mechanisms of fast charging. 

• Investigating the effects of ageing on batteries: researchers have explored advanced 
characterisation techniques to gain more precise insights into the formation and com-
position of the SEI layer, co-intercalation phenomena and Li+ diffusion from the elec-
trolyte to graphite bulk, and principles for designing anode materials, electrolytes, 
and cellular structure. Researchers are exploring the mechanisms behind ageing and 
developing models to predict how batteries degrade over time. Then, researchers can 
develop strategies to extend battery life by understanding the factors that contribute 
to battery ageing. 

• Developing recycling and second-life strategies: battery recycling is an important is-
sue, as batteries contain valuable materials that can be reused [22]. However, the deg-
radation of these materials can make recycling difficult. Researchers are developing 
new recycling strategies that can recover valuable materials from degraded batteries 
and are exploring second-life strategies that can extend the batteries lifespan. 

• Investigating the effects of extreme temperatures: temperature significantly impacts 
battery degradation, and extreme temperatures can accelerate the degradation pro-
cess. Researchers are studying the mechanisms behind temperature-induced battery 
degradation and developing strategies to mitigate its effects. Researchers can develop 
new battery materials and cooling strategies to minimise temperature-related degra-
dation by analysing how temperature affects the chemical reactions within batteries. 

• Developing machine-learning models for predicting battery degradation: machine-
learning models are an alternative to predicting battery degradation and optimising 
battery performance. Researchers are developing new machine-learning models that 
can account for various factors contributing to battery degradation, such as temper-
ature, cycling frequency, and SOC. Researchers can develop effective maintenance 
and replacement strategies by accurately predicting battery degradation. 

7. Conclusions 
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Hopefully, LIBs can be used in EVs and stationary applications, such as microgrids, 
power tools, short-range vehicles, ships, and grid-connected applications. The degrada-
tion mechanisms that occur in batteries can be accelerated depending on the application. 
The accelerated degradation of batteries can lead to severe safety failures, cause accidents, 
and increase the safety risk of people and equipment. Therefore, understanding battery deg-
radation mechanisms is critical to increasing safety and reliability and extending battery life. 

However, mitigating the effects of battery degradation is challenging. Despite the rel-
evance of this subject to the scientific community and industry, a review of recent discov-
eries in this field was needed. Therefore, this paper provides a comprehensive and di-
dactic review of battery degradation mechanisms. The systematic review also provides 
some recommendations for EV owners, and it highlights the factors that affect these 
equipments’ health, aiming to minimise battery degradation mechanisms and reduce 
damage. In addition, we hope it can support companies interested in improving existing 
BMS and user manuals. Updating user manuals is essential to avoid contradictory infor-
mation incompatible with battery behaviour, preserving your customer’s life. 

The results of the work highlight an increased understanding of how battery degra-
dation mechanisms influences each other and occur on a microscopic scale. Some phe-
nomena that occur mainly in the SEI or CEI layers are poorly understood and need further 
investigation. The results show that several factors can accelerate battery degradation, in-
cluding operating conditions, temperature, SOC, DOD, voltage, and current. All battery 
components are affected by calendar ageing and cyclic ageing. 

Knowledge of battery degradation mechanisms helps to understand batteries’ behav-
iour when operating on EVs and a second application. From this, it is possible to control 
the conditions of use and the parameters of the batteries to minimise the mechanisms of 
battery degradation, maximising and predicting their helpful life in both the first life (for 
EVs) and the second life (for secondary applications). 

Extending the life of EV batteries enables company revenue because the longer the 
batteries operate on EVs, the greater the product’s added value and the lower the recycling 
costs. It is also possible to generate value for the environment by reducing the number of 
batteries that will achieve their end of life and will be discarded in the environment or 
recycled. 

This systematic review aims to stimulate future studies investigating the degradation 
mechanisms, particularly the SEI and CEI layers, describing each phenomenon more reli-
ably. The results show the need to understand battery degradation mechanisms for devel-
oping new BMS that are battery agnostic and easily adaptable to second-life batteries. 
There are still many gaps to be filled, and more studies are needed to clarify the mecha-
nisms of battery degradation and how to manage them for companies and users. In this 
way, it will be possible for companies to improve the existing manuals and devise new 
materials to instruct EV owners on how to operate the vehicle or system to maximise its 
use and avoid accidents. 
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