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Abstract

Nowadays, several countries have adopted an energy transition policy to achieve carbon targets
and decarbonize transport while improving their electricity mixes. Electric vehicles are
ubiquitous, considering its role in the energy transition as a promising technology for large-
scale storage of intermittent power generated from renewable energy sources. However, the
widespread adoption and commercialization of EV remain linked to policy measures and
government incentives. Here in this work, we review the current bottlenecks and key barriers for
large-scale development of electric vehicles. First, the impact of massive integration of electric
vehicles is analysed, and the energy management tools of electric energy storage in EVs are
provided. Then, the variety of services that EVs may provide is investigated. We also, highlight
how the optimal placement and sizing of EV charging infrastructure can plays a crucial role in
electric vehicle development. The different methods for Li-ion battery states estimation and cells
characterization are outlined. Furthermore, we present the different incentives to accelerate EVs
adoption. And finally, we provide insightful suggestions and policy recommendations for future
studies. The work presented in this paper will be very beneficial for policymakers seeking to

promote electric mobility, and advance sustainable EV technologies.
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1. Introduction

Various strategies are under development to accelerate the penetration of EVs into the worldwide
market [1]. Tesla’s approach that aims to reduce the cost of batteries via advanced
manufacturing, packaging and expedition techniques [2]. The second approach consists mainly
in developing and optimizing the energy performance of cells by reducing their costs [3]. The
third approach aims at introducing new, smarter and smaller battery management systems (BMS)
to improve the energy performance of EVs and reduce their weight [4]. The fourth approach aims
to create new sources of revenues for EV owners through the participation of these vehicles in
the energy markets and the supply of several services such as Vehicle-to-Vehicle (V2V),
Vehicle-to-Home (V2H), Vehicle-to-Building (V2B), Vehicle-to-Load (V2L) and Vehicle- to-
Grid (V2QG) [5,6]. Such services are referred to Vehicle-to-Everything (V2X) services, which are
designed to obtain additional benefits from battery during non-use periods of EVs [5,7]. Despite
the positive aspects of V2X services, they may impact and degrade the energy performance of
the batteries [ 1]. Batteries will frequently be subject to irreversible capacity loss with cycling and
calendar aging [8,9]. A driver’s mobility needs cannot be met any more if the battery loses a lot

of its energy storage capacity [4].

Several researchers have also highlighted that insufficient charging infrastructure, the
appropriate location of charging stations, and the scheduling of charging at charging stations are
the main challenges for the large-scale implementation of EVs [10,11]. An additional crucial
issue will be to decide which of the numerous technologies and load specifications should prevail
and dominate the load of future EVs [12]. An appropriate load management of EVs is crucial to
ensure reliable interconnection with the power grid [13]. An intelligent management of EV
charging strategy can also lead to a reduction in the costs of electricity to users under dynamic
pricing schemes [14]. In the absence of proper coordination, the power distribution system
becomes overloaded due to the simultaneous loading of EVs. Unfortunately, the growth of EV
markets and the promotion of EV adoption remain linked to policy measures and government

incentives [15,16].

The aims of this paper are to:



* Analyse the impact of massive integration of electric vehicles.

*  Present the energy management tools of electric energy storage in EVs.

*  Qutline the different methods for Li-ion battery states estimation and cells
characterization.

* Highlight how charging infrastructure plays a key role in electric vehicle development.

* Investigate the diversity of services that can be offered by EVs.

* Present the different incentives to accelerate EVs adoption.

*  Provide insightful suggestions and policy recommendations for future studies

However, the work presented in this paper will be very beneficial for policymakers seeking to
promote electric mobility, and advance sustainable EV technologies. This review is arranged as
follows: Section 2 analyses the impact of massive integration of electric vehicles. Section 3
discusses the reliability and safety of lithium-ion batteries for vehicular applications. In addition,
the energy management tools for storing electricity in EVs and the different methods for Li-ion
battery states estimation and cells characterization are outlined. Section 4 highlights the different
EV charging infrastructure, latest technologies, evolving standards, and optimal placement and
sizing. Section 5 investigates the diversity of services that can be offered by EVs. Section 6
presents the different incentives to accelerate EVs adoption. And finally, insightful suggestions

and policy recommendations for future studies are given in section 7.

2. Large-scale adoption of EVs

Globally, electric vehicles have been widely adopted during the last ten years. In 2020, Plug-in
EVs sales surpassed 3.24 million vehicles compared to 2.26 million for the previous year with a
year on year (Y-O-Y) growth of 43%, and 4.2% share of all new car sales [17]). Overall, Plug-in
EV sales and market share can be observed by region in Fig.1. According to [ 18], these sales are
expected to hold 27% of the global EV market by 2030. Today, China, Germany, and the United

States leading the globe in the number of registered electric vehicles.
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Fig. 1. Global Plug-in EV Sales [17]

According to a study conducted by the think tank E3G entitled "Rules of the Road: The
Geopolitics of Electric Vehicles in Eurasia", many countries are not prepared for the
consequences associated to the transition towards decarbonized energies [19]. A rapid and large-
scale transition from the Internal Combustion Engine Vehicles (ICEV) to the EVs can be
extremely troublesome in many countries [20]. From this study, EVs are projected to reach price

parity with the ICEV by 2022. The E3G study identifies four major types of risks [19].

* Industrial, commercial, social and political risk: Large-scale introduction of EVs may
devastate existing industries, particularly in Europe, the United States and Japan, where
the automobile sector represents a significant share of economic activity.

* Risk of destabilization of oil-producing countries: Decarbonization of the automotive

sector via the massive introduction of EVs can make oil-producing countries vulnerable

and unstable.



* Risk to access on resources: A crucial challenge for EVs is to develop a suitable energy
storage system with high autonomy and fast charging. Lithium-ion batteries are recently
recognized as the most promising energy storage device for EVs due to their higher
energy density, long cycle lifetime and higher specific power. Therefore, the large-scale
development of electric vehicles will result in a significant increase in demand for cobalt,
nickel, lithium and other strategic metals and rare earths. It is possible that access to these
materials will be, as oil has been, an instrument for political lobbying and pressure [19].

* Financial Risk: Replacing internal combustion vehicles with EVs will gradually
eliminate the revenues and profits of such a powerful industry, the first in the world, as

the oil industry.

EVs are expected to play a significant role in the large-scale integration of renewable energy
sources into the electricity grid [21,22], e.g. by saving electricity during peak generation and
supplying energy to the grid during peak demand [23]. Conversely, inappropriate and poor
management of EVs could negatively affect the power supply like voltage instability, peak

demand, power quality, power losses, transformer heating and overloading.

* Voltage instability: It concerns voltage fluctuations around nominal values. This problem
may be occurred under heavy loading conditions when the power system is unable to
meet the demand [24]. Several authors [25,26] have demonstrated that EVs are highly
responsible for voltage instability in the power system due to the non-linearity of EVs
load, especially in case of massive penetration with high-charging level. Coordinated
smart charging system with an aggregator can make the power grid more reliable and
stable [27].

»  Peak demand fluctuation: Electrical power absorbed under load of a significant number
of EVs can exceed the power available in the power grid. The uncoordinated charging of
large number of EVs can provoke a very serious problem for electricity system operators
[28,29]. Bidirectional charging concept with a dynamic load control technique can be
used to control peak loads on the power system [30]. It is very important to mention that

the electrical power system can withstand a level of EV penetration without being



impacted. For instance, 500,000 EV in Ontario, Canada [31,32], and 73% EVs
penetration in the US [33].

* Power quality: The effects of harmonic currents on the power quality caused by EVs are
mainly related to several factors like rapid charging, AC single phase charging, the
diversity of charger architecture, the EVs range, the number of chargers connected at
same time, and the level of EV penetration [34,35]. Smart charging infrastructure,
reliable communication systems, coordinated charging system, are the concepts required
to reduce harmonics injected by uncontrolled EVs penetration in [36].

* Power losses: EVs are the main responsible of the power losses in the power grid [37,38].
Uniformly distributed charging, smart metering method, selecting optimal location and
capacity of charging stations can substantially reduce power supply losses [39,40].

» Transformer Overheating: High integration of EVs into the power grid can overheat
transformers [11.41]. The application of the K-factor derating method and the
introduction of an intelligent load management strategy are among measures employed to

prevent transformer overheating [42,43].

As mentioned above, to manage overloading due to EV load demand and to secure the grid from
potential risks, the charging and discharging of EVs must be programmed with an appropriate
planning and optimal management strategy. It is interesting to outline that the management
approaches to support the charging of a large number of electric vehicles can differ considerably,
according to the types of renewable energy and conventional power generation in each country,
even for countries with a comparable share of renewable energy. In countries where the
provision of renewable energy is highly variable, the coordination of energy demand for electric
vehicles can be a serious problem. In certain regions where network infrastructure is weak,
additional grid reinforcement or specific "smart charging" strategies may be required to
guarantee an efficient and flexible electricity production and supply infrastructure. As illustrated
in Fig.2, a number of tools are currently available to investigate the impact of EVs on the
reliability of the power system [44,45]. By using these tools, EVs’ efficiency and economic

benefits can be improved.
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Fig. 2. Summary of commercial and non-commercial tools that can simulate different aspects of

an electric vehicle and its integration to the grid

3. Safety and reliability of lithium-ion batteries for EVs

In EVs, the battery is the unique energy source to power the vehicle. Therefore, the safety,
reliability and lifetime of the battery are crucial factors for the acceptance of the EV at a large

scale [46,47]. It is worth pointing out that the safety and reliability of the entire system can be



seriously impacted if degradation of battery performance is not detected in time. Fig.3
summarizes the contributions of aging stress factors to cell efficiency, providing a proxy to
explain conditions that increase the ageing rate. Therefore, lithium-ion batteries necessitate a
permanent surveillance and controls to assure continued reliability and prevent catastrophic

failures (See Fig.4) [48,49].
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Fig. 4. EV and battery cells damaged by fire [49]



Harlow et al. [51] have invented a new method to assess battery failure during charge and
discharge while looking at the amount of energy lost. Then, plotting the data obtained gives a
curve that allows to determine the degradation of the battery as a function of the number of
cycles (see Fig.5). For instance, for a Coulombic coefficient of 90%, there is 90% of the energy
that can be used to run the battery and the 10% lost to a chemical process that degrades the
battery. Until now, to determine the degradation of a battery, it took up to 8 years, taking a pack
which is charged and discharged in real time. Elsewhere, Jeff Dahn and his laboratory, who are
doing battery test for Tesla, have published research results for an impressive new battery cell
[51]. And demonstrated that the tested new battery — a Li-lon battery cell with a new generation
NMC ‘single crystal’ cathode and a new highly advanced electric electrolyte — will be able to
drive a vehicle for more than 1.6 million kilometres, and last more than two decades in grid

energy storage even at an intense temperature of 40 C.
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Fig. 5. Degradation of the battery as a function of equivalent full cycles for NMC/graphite cells [51]



3.1. Battery management system

The battery management system (BMS) is the most widely used method to track and manage key
functionality and performance aspects like voltage, current, state of charge (SOC), state of health
(SOH) and temperature [52,53]. As the lithium-ion battery is powerful and able to achieve
greater efficiency over its long lifetime, careful precautions should be taken to minimize physical
damage, ageing and runways [54]. Therefore, an effective BMS is desperately required to
precisely calculate, estimate and control the SOC battery [55]. In electric vehicles, battery
management systems (BMS) includes several components which are categorized into hardware
and software structure [56], as illustrated in Fig.6. Numerous sensor systems are placed inside
the BMS to track battery parameters, e.g. battery voltage, current and temperature [57]. Safety
circuits are being used to precisely monitor the alarms to avoid, overcharge, over-discharge and
overheating. Charge control is mandatory to manage the process of charge discharge. Although
temperature variations between cells influence battery efficiency, durability, cell imbalance, a
thermal management element are used in the BMS as presented in [58]. However, data within the
BMS is communicated by using controlled transceiver. In order to monitor the operation of the
hardware, a software structure remains essential. Upon request the users receives information
and details about the state of charge (SOC) and state of health (SOH) the battery through the user
interface. These battery states are generally estimated based on various models and algorithms
[59,60]. Furthermore, abnormalities in battery and fault analysis are identified by intelligent

control system.

Knowledge of all factors and causes that can lead to the system’s degradation can help make
BMS sophisticated and safe [61,62]. Battery temperature is one of the most important factors to
ensure the cell health and reliability when the EV is underway [63]. To maximize the potential of
lithium-ion cells, they need to be maintained at about 23-25 °C [64]. Li-ion batteries usually
produce three forms of heat during charging and discharging cycles: irreversible activation heat
due to the polarization of the electrochemical reaction, Joule heating resulting in ohmic losses,
and reversible reaction heat due to the change in entropy during charging and discharging [65].
Consequently, if the heat released during battery operation is not correctly removed, the
temperature of the system can increase due to the heat accumulation, which may influence the

performance, lifetime and safety of the battery [54,66].
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v v
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Fig. 6. Framework of battery management system for EV

Battery overheating can be caused by a short circuit and/or at excessively high ambient
temperature which can result in energy loss, power degradation and thermal runaway [67].
Otherwise, low temperatures can increase the internal resistance and reduce the service life, and
state of charge (SOC), an increase in lithium plating, and a reduction in disposable capacity [68].
A non-uniform temperature inside the battery can also affect its performance [69]. Various
techniques have recently been developed to preheat or cool the battery before charging and
discharging cycles [70,71]. According to Pesaran et al. [69], the battery thermal management

system (BTMS) is a combination of four systems:

* cooling system to remove heat from the battery;
* heating system to ameliorate the battery temperature when the temperature is too low;
* isolation to control sudden fluctuations of the battery temperature;

* ventilation system to eliminate dangerous gases from the battery.

3.2. Battery thermal management system

Kim et al. [63] classifies the available cooling systems according to thermal cycle mode as

summarized in Fig.7. The BTMS with a vapour compression cycle (VCC) involves cabin air-



cooling, second-loop liquid cooling and direct refrigerant two phases cooling. The BTMS
without VCC contains phase change material (PCM) cooling, heat pipe cooling and
thermoelectric element cooling. Several EVs include a VCC due to its ability to use available AC
systems to cool or heat the battery. However, this system consumes a considerable quantity of
energy to drive VCC system and has a negative impact on the performance of the EV’s air-
conditioning system. PCM cooling systems can be designed to remove heat from the battery
during the phase transition without energy consumption. However, several problems (low
conductivity, volume change, leaks, etc.) have to be addressed in order to integrate PCM system
into EVs [72]. The heat pipe cooling system can efficiently control the battery temperature, but it
is necessary to connect it to a cooling plate due to the reduced contact area with the battery.
Currently, thermoelectric element cooling system cannot be installed in EVs due to its low
efficiency. Preheating methods can be split into two groups—external and internal heating —

depending on the sources of heat [61].

3.2.1. External heating strategies

External heating methods can be categorized into two groups, namely the methods combined
with cooling system and electrothermal elements methods. The first group include air-based,
liquid based, and PCM-based systems. Air preheating method is widely used in EVs owing to
simple configuration and low costs. For instance, Honda Insight and Toyota Prius [73].
However, air ventilation requires additional materials such as a fan and a fluid circuit, which
may increase the size and cost of the BTMS [74]. Liquid-based method is commonly used in
EVs, for instance Volt [75] and Tesla Motor [76] adopt this method to heat battery. Thus, this
method has the benefit of high thermal conductivity and heat capacity which can generate

uniform temperature distribution [77], but involve a more complicated device [78].

PCM is known to be an efficient and innovative solution for heating the battery during phase
change while optimizing energy, maintaining temperature uniformity, and enhancing the battery
life [71]. Currently, PCM methods have not been used in EVs, and only studied in laboratories
due to several factors such as thermal properties degradation, low thermal conductivity, risk of

leakage, and change in volume. In the meantime, many experiments have been carried out to



show the efficiency of this technology [79,80]. However, additional studies are required to

thoroughly investigate the advantages and disadvantages of PCMs.

Elsewhere, electrothermal methods include Peltier effect methods, electrothermal plates,
electrothermal jackets, and electrothermal films [61,68]. The approach based on Peltier effect
mechanism can be used as an active BTMS to heat the battery pack while effectively regulating
the temperature. [68]. Meanwhile, this method has been widely investigated and adopted in EVs
for battery preheating [81]. The electrothermal plate implements positive temperature coefficient
(PTC) materials by using a temperature-sensitive semiconductor system to self-regulate
temperature, which can maintain a steady temperature during heating, prevent overheating and
ensure the safety of battery operations [61]. Electrothermal plates are generally placed on or
under the battery pack. However, earlier EVs like Mitsubishi MiEV [82] , and Nissan LEAF
[83] have adopted this approach. The electrothermal jacket is usually built around each battery
cell using resistive heater. This heating system is effective to recover the battery to the normal
working temperature range with uniform temperature distribution and acoustic stability in about
ten minutes [84]. Nevertheless, at high temperatures, the jacket makes the battery very
extremely difficult to dissipate heat [61]. Electrothermal film system requires small metal foil
shielded and positioned on each cell’s largest surface. This method is simple, easy to install, and
can be faster to heat the battery in comparison with electrothermal plates [85]. One of the strict
drawbacks of this method is that it is only suitable for square battery cells and cannot be self-

controlled. Furthermore, the safety and reliability of this method should be further investigated.

3.2.2. Internal heating strategies

In contrast to external heating strategies, internal heating will produce high a rate of temperature
rise (RTR) and don’t be affected by the battery design [61]. Thus, the internal preheating process
is therefore complex, and can trigger battery pack protection issues. However, internal heating
strategies include self-heating [86] and current excitation preheating. For self-heating methods, it
can be assumed that high temperature rates can be expected but with low safety and temperature
accuracy. Meanwhile, this method was only studied in a lab environment and not explored in
EVs due to safety and consistency problems at the battery pack level. Current excitation

strategies may be categorized as direct current preheating (DC), alternate current preheating



(AC) and pulse preheating strategy. DC preheating means that the battery is heated by a
permanent DC from the battery power. Since no additional equipment is required, this method is
easy to implement, and its cost is relatively low. However, to reduce the preheating period, this
process requires a high discharge rate and thus raises the risk of battery degradation [87], the
battery capacity losses and lithium plating [88]. As such, this method is rarely used and still
under development [89]. AC preheating can also heat the battery faster and more efficiently
compared to DC heating with a limited duration [90], while applying an AC to the positive and
negative electrodes of the battery with a particular frequency and amplitude [91]. Nevertheless, it
remains uncertain how alternative power impacts on battery safety, which could be a restricting
element for use in EVs. In pulse preheating strategy, the battery is generally heated by applying a
discontinuous constant current for creating heat across the battery’s internal impedance. Pulse
preheating can provide uniform preheating and less battery capacity loss compared to air
preheating [92], and electrothermal plate preheating [93]. Since a circuit control system is

required and can result in high costs. The pulse preheating technique is not applied for EVs and
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Fig. 7. Classification of battery thermal management systems

Today, range anxiety is one of the major barriers to widespread EV adoption. The ability of a

BMS to accurately predict the current and future battery status, and therefore the estimated

driving range, will alleviate this problem and open up vast opportunities in battery



manufacturing, usage and optimization [94,95]. State of Charge (SOC), State of Health (SOH)
and remaining useful life (RUL) are the most critical battery cell states [96,97]. Otherwise,
modelling the dynamic and internal behaviour of battery cell is crucial to track these states.
Whether research on the internal battery cell structure is thorough, the battery cell model can be
divided into three main approaches: White box model which developed from battery mechanism
and law [98,99]; Gray box model that has an unclear perception of the relevant system laws,
most typical gray box model are equivalent circuit model (ECM) [100,101] and electrochemical
model (EchM) [102]; Black box model is data-driven method as they rely on data sets and
artificial neural networks [103]. The following section presents an exhaustive review of recent

battery states estimation methods.

3.3. Battery states estimation methods

SOC, SOH and RUL are particularly the key battery management parameters and are generally

defined as:
t
I1(t)dt
SOC = SOC,y + f"— ey
Cnom
Crun
SOH = X 100 % 2)
nom

Where SOC, is the initial battery state of charge, Cgy Is the battery’s fully charged capacity,
Chom 1 the brand-new battery nominal capacity [50]. In essence, SOH reports battery aging and
degradation and alerts when the battery should be replaced. When capacity is degraded to 80% of
the current capacity, the battery is considered unusable for vehicle applications and should be
replaced [104]. While SoC reflects the available battery capacity that can be removed from the
battery and is used to avoid over-discharge or overcharge and to run the battery in a way that
eliminates aging effects. Meanwhile, RUL predicts the remaining time or number of battery
cycles until the battery’s SOH reaches 0%. Reliable estimation of remaining useful life (RUL)
would enable the use of batteries to their full capacity and optimum life expectancy until
replacement or disposal. The accurate and real-time prediction of these three states have attracted

the attention of several scientists, and several different approaches were proposed to forecast



them [104,105]. In summary, battery states estimation methods can be categorized into five main
categories as displayed in Fig.8, including direct method [106,107], model-based methods

[108,109], adaptive-filter algorithm [110,111], machine learning (ML)-based methods [59,112],
and other methods [113,114].
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Fig. 8. Classification of SOC, SOH and RUL predictions methods

3.3.1. Direct methods (Conventional method)

Direct methods calculate physical battery properties such as current and temperature, and then
forecast the battery states using an equation or relationship. Direct methods include open-circuit
voltage estimation (OCV), electrochemical impedance spectroscopy (ELS) and coulomb

counting estimation (CC) (also known as the ampere-hour balancing strategy) [115].

3.3.1.1. Open circuit voltage-based estimation (OCYV)

The voltage of the cell is continuously determined, and the corresponding states are derived from
a table or curve. For instance, a linear relationship existed between OCV and SOC. This

relationship generally depends on capacity and material of the battery [116], and differs from



each type of batteries [117]. Similar relationship exists between SOH and OCV [118]. Fig.9
presents OCV-SoC relationship for LiNiCoMnO?2 battery at different C-rates charging values.
Example of OCV method applications in predicting SOC and SOH states is presented in
[119,120]. Meanwhile, this method is not practical for online testing during charging/discharging
since the battery requires to have a long time resting to reach equilibrium condition [120]. Also,

OCYV method is not accurate due to the hysteresis characteristics of the battery [121].
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Fig. 9. OCV-SoC relationship for LINiCoMnQO2 battery during the charge process at different current
values [122]

3.3.1.2. Coulomb counting estimation (CC)

Coulombic counting approach is widely used to estimate dynamic states of battery. It is based on
time-dependent integration of battery current during the charge and discharge of the battery. This
method is simple, easy and widely used for estimating the battery states particularly the SOC and
SOH [106] since it is the most accurate technique for short-term calculations. Nevertheless, the
main drawback of coulomb counting method is that it cannot estimate the initial value, and has
an accumulative error [123]. Also, its precision is highly impacted by uncertain variables and
disturbances such as noise, temperature, current, etc [124]. Moreover, this method is usually

combined with other techniques.



3.3.1.3. Electrochemical impedance spectroscopy (EIS)

Electrochemical Impedance spectroscopy is a commonly used measurement method in
laboratories for characterizing battery cells. It estimates cell impedance using a sinusoidal AC
excitation signal over a wide range of frequencies [125]. And then, the SoC and SOH of battery
can be predicted owing the strong dependency between dynamic states of battery and the
variation of the low frequency impedance of EIS [126]. Implementations of onboard impedance
measurements in vehicular applications were proposed by several authors [107,127,128]. In
[107], authors propose an onboard EIS measurement system while using a power amplifier to
generate a separate excitation signal. Similar work found in [127], where author show how the
state of charge can be estimated with impedance spectra and a simplified equivalent circuit.
However, this technique requires additional hardware, and the implementation costs are extra.
Meanwhile, a new framework for onboard impedance spectroscopy on cell level which
incorporates a passive method without the need of an additional active signal generation is
developed in [128]. Thus, this framework can be simply integrated in a single-cell BMS

architecture for electric and hybrid vehicles.

3.3.2. Model-based estimation methods

The development of battery model is highly required in order to have online states prediction.
Model-based approaches incorporate a model of battery with various advanced algorithms for
predicting the state of the battery from calculated variables including current, voltage and
temperature. The most common use of battery models involves electrochemical model and

equivalent circuit model.

3.3.2.1. Electrical circuit model-based estimation (ECM)

Electrical circuit model (ECM) has the advantages of low computational complexity and high
precision [129]. It can also slightly describe the battery cell’s internal reaction process. There are
three different ECMs such as first-order RC model, first-order ECM, and second-order ECM.
These models are widely adopted due to their excellent dynamic performance [130]. Fig.10
presents the schematic diagram of second-order ECM, where Ugcy represents the open-circuit
voltage, which has some correspondence with the battery cell SOC. I the current of the battery

cell. Upq, Up, are the polarization voltage corresponding to the RC link. Ry is internal resistance.



Rp; and Rp, are the polarization resistances while Cp;, Cp, are the polarization capacitances.
However, the two RC links can characterize the battery polarization and diffusion effect. And

finally, U, represents the terminal voltage of the battery cell.
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Fig. 10. Schematic diagram of second-order ECM [129]

According to the second-order ECM described above, a variety of adaptive filter algorithms
[131] can be used to online obtain the battery cell SOC accurately. However, the parameters of
the second order ECM can be calculated with different datasets depending on the scenario where
the model will be used, as in [132]. Meanwhile, improvement of the accuracy of dynamic
response prediction of this model can be obtained by increasing the number of parallel R-C pairs.
ECMs were extensively investigated in literature. A comparative study of the three mentioned
ECM models is presented in [130] using a combination of ECM with extended Kalman filter
(EKF) and CC estimation strategy. This paper reveals that the second order ECM is the most
reliable and dynamically efficient, but it is also the most complex of these three models. In [133],
another ECM model is proposed for the SOC and SOH estimates which reflect both aging and
temperature effects. This strategy does not require the battery model or any awareness or
estimate of the battery parameters. In [134], twelve widely used lithium-ion battery ECMs are
tested, using a multi-swarm particle swarm optimization algorithm to determine optimal
configuration parameters for all Li-ion battery cell types. From this study it can be inferred that
the first-order RC configuration with one-state hysteresis is suitable for LiFePO4 battery due to

its high accuracy.



All of the above works have only focused on estimating the battery states at cell levels. Despite
this interest, investigating all the battery pack states still poorly discussed. However, given cell
inconsistency, an online SOC estimate strategy is presented for aged lithium-ion battery pack in
[129]. Results show that the SOC estimation error of each cell in the battery pack is 5% for the
entire test cycle and 3% for the later capacity estimation process. However, the structure of the
ECM model is mainly empiric dependent and does not accurately describe battery
electrochemical processes. Thus, under battery discharging/charging experiments, all above-
mentioned parameters are defined and restricted for new batteries in the laboratory, which is
costly, time-consuming, and often not practical to obtain all parameters [122]. Otherwise,
according to literature, the ECM seemed to be able to provide relatively satisfactory voltage and
SOC results in the high and middle SOC area, but in the low SOC area the model accuracy was
seldom indicated. The lowest SOC value in experimental validation was generally determined
not less than 10% [135], which evidently affects the accuracy of the ECM under 10% SOC
[102].

3.3.2.2. Electrochemical model-based estimation (EChM)

Electrochemical models (EChMs) generally use the equations describing physicochemical
processes such as battery diffusion, intercalation, and electrochemical kinetics inside the battery

as illustrated in Fig.11. The EchM can be represented as (eq3):

U= UOC_UR_UP (3)

where: U is the battery terminal voltage, Ugc is the OCV of the battery, Uy is the potential
resistance difference, and Up is the electric potential of polarization process. By determining the
battery model parameters, the battery status can be easily monitored through the lookup table
[136]. Since the model is a set of multi-parameter partial differential equations, the resolution
process is computer-prohibitional and cumbersome. So, they are hard to implement in BMS.
Despite of that, EchMs are practically used to evaluate battery efficiency, and are ideally suited
to optimize the physical and material properties of internal electrodes and electrolytes [137], and

its application is limited for online estimation.
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Fig. 11. Schematic of the electrochemical model for LIBs [138]

Several EChMs that can be used for battery states forecasting namely SOC has been recently
proposed in literature [139,140], all these papers do not present the SoC estimation process.
However, different approaches presented in [141,142] precisely establish EChMs for SoC
estimation. For instance, [141] developed a model that consists of four submodels representing
electrical, electrochemical, thermal, and aging dynamics in partial differential equations. A work
in [142] introduces a reduced-order electrochemical model adopted in dual-nonlinear observers
to predict SoC and cyclable lithium loss over time. Another technique for SoC estimation
presented in [143], where a non-invasive optimization strategy is introduced to estimate the
EChM parameters for any battery lifespan. Extensive investigation is required to accurately
identify model parameters, since these parameters vary considerably in electrode chemistry,
electrolytes, packaging and time, and the cells are usually heterogeneous in battery package
parameters and temperature. Which results in low accuracy and computational complexity [122].
In contrast, a recent paper has been published [138] where the sensitivity of 26 lithium-ion
EChM physical parameters was analysed for lithium-NMC-graphite battery cells in real-world
EV driving cycles. From this paper it can be inferred that the inaccurate identification of these
parameters has no effect on the functionality of BMS, especially SoC identification, and the
parameter identification method should focus only on 14 sensitive parameters. The benefit of

EChMs is that they implicitly provide battery behaviour dependency on battery states and



temperature, resulting in high precision, although electrical models must store their parameters
for various SoC and temperature combinations [122]. Meanwhile, both model-based approaches
are usually computationally expensive, and additional parameters or multiple models are
normally needed for specific operating conditions. Thus, adaptive methods listed below will

attempt to reach this condition.

3.3.3. Adaptative filter algorithms

For improved safety and more effective estimation, model parameter values should be
continuously updated. Adaptive filters typically use feedback to alter their current output from
various inputs and attempt to adjust accordingly [110]. Adaptive algorithm such as Kalman filter

have been proven to accomplish this [144], combining direct and model-based approaches.

3.3.3.1. KALMAN filters-based estimation (KF)

Recently, Kalman filters (KFs) have been the most commonly used adaptative approaches, and
their self-correction and online computing capabilities have proven effective in all battery states
estimation including SOC, SOH, and RUL. Kalman Filter is series of mathematical equations,
which repeatedly forecasts and corrects a new condition as the system operates [145]. The
method contrasts input and output data to determine the correct mean square variance of the real
state. So, the KF model mainly comprises a process equation (4) which estimates the current
state X, from the earlier state xi,; and a measurement equation (5) which updates the current

state to converge it to the real value [145].

Xp+1 = AgXg + Brug + wy 4)

Yk = CyXx + Dyuy + vy (5)

Where x is the system state, u is the control input, w is process noise, y is the reference for
measurement, v is measurement noise, A, B, C and D represent time variable covariance
matrices and define system dynamics [145]. Some publications in literature propose KF Based
methods for battery states estimation [146,147]. For instance, [146] applied KF on a simple ECM
of the lithium-ion battery on Matlab-Simulink software, and the SOC is determined with an error
being less than 5%. The work developed in [147] fully describe a combination of KF with open-

circuit voltage and coulomb counting methods. The results indicate that KF implementation



improves the accuracy of coulomb counting strategy in forecasting the SOC of lithium-ion
batteries with an error of + 1.76%. Elsewhere, several extensions have been suggested, including
extended Kalman filter (EKF) [148], unscented Kalman filter (UKF), cubature Kalman filter
(CKF), and the adaptive extended Kalman filter (AEKF) [149]. Zheng et al. [150] implement the
EKF to determine the SOC based on a second-order resistance-capacitance model. In an
electrochemical model, Lee et al. [151] applied dual EKF to predict the SOC and capacity. The
outcome reveals that the model is better accurate than the real value, with a smaller initial error
of + 5%. In [152], a fractional-order UKF has been developed to estimate the SOC. Similar
approach with support vector regression (SVR) is applied in [153] to estimate SOC and SOH.
Results indicate an estimation error under 1%. Peng et al. [154] apply a CKF to forecast the
lithium-ion battery SOC based on a first-order RC model and corresponding fractional-order
model. The findings revealed that the CKF is more effective and stable than the UKF and EKF.
EKF algorithm with multi-time scales has been used in [155] to predict the SOC and battery
capacity in different time dimensions. Similar work is presented in [156], where the multi-time
scale extended Kalman filter approach is applied based on "S&D" model to estimate each cell’s
SOC, model parameter, and capacity in the battery pack. Findings indicate that each cell’s SOC
prediction error in the battery pack is below 5% over the entire test cycle and below 3% while
the latter capacity estimation process stays constant. From this study it can be concluded that the
multi-time scale adaptive filter algorithm can achieve high accuracy while reducing the
computational complexity. Another KF algorithm improvement is presented in [157], where an
adaptive unscented Kalman filter (AUKF) introduced to determine the battery internal
parameters and estimate SOC. Zeng et al. [158] developed an adaptive cubature Kalman filter
(ACKEF) to predict the SOC. Results indicate the high estimation accuracy and fast convergence
of ACKF compared with CKF. Xu et al. [159] apply a dual Kalman filter (DKF) and dual
extended Kalman filter (DEKF) to predict the SOC. Then, combining the strengths of DKF and
DEKF methods, an SOC estimation algorithm based on adaptive Kalman double filter is
suggested. Comparative analysis tests show that the proposed algorithm error is inside the range
of £0.01 under most test conditions and will instantly restore SOC to true value if system errors
occur. This, verify the validity, accuracy, robustness and adaptability of the proposed algorithm

under different operation conditions.



3.3.3.2. Recursive least square based estimation (RLS)

Recursive Least Square (RLS) is an effective technique that is used to determine the filter
coefficients for a minimal square of the error signal in dynamic adaptive models [122]. In
particular, RLS algorithm is used to obtain model parameters [160,161]. For instance, in [162] a
forgetting Factor Recursive Least Squares (FFRLS) is applied to realize online identification of
ECM model parameters. The results show that the maximum estimation error of SOC and SOH
is 1.08% and 1.52% respectively, which prove the accuracy of the proposed method. Zhang et al.
[111] proposed different decoupled weighted recursive least squares (DWRLS) method to
separately predict the battery parameters and SOC. Results indicate that DWRLS method
achieves good accuracy with about 1%. All the aforementioned works show that the RLS can

help reducing the estimated SOC error and noise, while reducing the computational cost.

3.3.3.3. Particle filter (PF)

Particle filter (PF) method is a set of Monte Carlo algorithms widely used to approximate the
probability density function (PDF) of a non-linear system. In [163] PF is used to estimate high-
power lithium-ion battery SOC while considering the impact of drift noise temperature,
charging/discharge rate and running mileage. The numerical calculations demonstrate that the
proposed method is efficient to reduce the maximum absolute error (MaxAE) and Root Mean
Squared Error (RMSE) by 30.2% and 12.6% respectively. Ye et al.[164] proposed a novel
double adaptive particle filter method to adapt to environmental variety. In this model a double-
scale dual adaptive particle filter is used to improve the efficiency and convergence ability
according to the initial environmental offset. The results demonstrate the effectiveness and
applicability of the proposed approach are verified by aged batteries. Chen et al. [165] proposes a
particle filter based OCV online estimation method to achieve the voltage-based state of charge.
A framework for state-of-charge prediction is proposed in [166]. Where the unscented particle
filter (UPF) is employed to improve the observation accuracy. The results indicate high precision
and fast convergence of the proposed method under dynamic driving cycles. Another study
presented in [167] where a hybrid cubature particle filter is applied by aggregating the cubature
filter and particle filter to achieve a more stable SOC prediction under harsh charging &
discharging schedules. The findings indicate that the proposed hybrid method is more robust than

the existing models.



3.3.3.4. H infinity-based estimation (Hw)

H infinity (Heoo) based method is a powerful theory to restrict the effect of exogenous
disturbances on output. It is a simply designed model, which has the strong robustness to ensure
SoC estimation accuracy under certain conditions [168], especially in the worst cases [169].
Zhang et al. [170] introduced the Hoo based method to predict the SOC of lithium-ion batteries,
considering the temperature, current, state of health as a time-varying parameters. The proposed
system provides better accuracy with an acceptable 2,49% error. Similarly, a universal linear
model based on adaptative Heo filter (AHF) is implemented in [171] to determine the SOC,
considering the model parameters as a function SOC. Results confirm that the AHF performs
accurately better than other adaptative methods. In addition, other recent researches demonstrate
that H-infinity algorithm can be efficiently used to develop online SoC estimators, at both cell
and pack levels [172,173]. Elsewhere, effects such as aging, hysteresis and temperature could
deviate the model accuracy. Wang et al. [174] set up dual-estimator-based joint estimation
framework to investigate the SOC estimation under the influence of temperature deviation. On
this basis, recursive least square (RLS) and the adaptive H infinity filter (AHIF) are joined and
used. The result indicates that RLS-AHIF algorithm has better accuracy for SOC estimation even
at low temperatures, such as —10 °C, and the SOC error is within 3.5%, while the maximum error
of SOC is less than 2% at 0°C and 25°C. Likewise, Shu et al. [175] proposed an adaptative
fusion algorithm to calculate the SOC of lithium-ion batteries applying both RLS and H-infinity
filter to identify parameters of the built equivalent circuit model and to predict the battery state of
charge and to cope with uncertainty of model errors respectively. Experimental results reveal that
the fusion estimation algorithm has maximum absolute error of less than 1.2%. Demonstrating its
efficiency and reliability when exposed to internal battery loss and operating temperature

variability.
3.3.4. Machine learning based methods (ML)

In the past few years, machine learning methods have drastically attracted extensive attention
because of the increasing availability of large quantities of battery data [176,177]. Machine
learning is a promising approach for forecasting the battery states such as SOC, SOH and RUL
with no underlying physical knowledge. Thus, machine learning based methods consider the

battery as a black box and learn its internal dynamics through charge-discharge data to determine



the nonlinear relationship between the battery states and measured variables. Machine learning
approaches include neural network, support-vector machine, random forest and regression
techniques. A summary of the most useful machine learning algorithms to predict SOH, SOC,
and RUL is provided in [59]. The following Fig.12 displays the machine learning approach for
SOC, SOH and other battery states prediction.
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Fig. 12. A machine learning approach for SOC, SOH and RUL predictions of li-ion batteries [59]

Guo et al. [103] has implemented a stronger neural back propagation network (BP), in which the
measured voltage, current and temperature are used as the input to approximate the battery SOC.
The robustness of this BP neural network was improved by [176] while injecting the Gaussian
noise into the training data. In [178], recurrent neural networks (RNNs) are introduced to predict
the battery SOC from past charge-discharge data. An extension of this RNNs model known as
stacked long short-term memory (LSTM) network was implemented by Yang et al. [177] and
Chemali et al. [179] for SOC estimation. Similar approach was developed in [180]. Unlike BP
network, both the RNN and LSTM networks connect the current SOC to the previous state, thus
achieving better prediction accuracy. In [181], a new method for accurate SOC estimation using
Recurrent nonlinear autoregressive with exogenous inputs (RNARX) neural network algorithm is
presented, and the computational accuracy of RNARX is enhanced by employing lightning
search algorithm (LSA). The experimental results prove that the proposed approach is accurate
and robust as it can accurately predict SOC under different operating conditions. In [182],
Gaussian process regression is applied to forecast the SOC of Li-ion batteries. Results show that
Gaussian processes method outperform support-vector machine with a SOC prediction error of

0.8%. Another ML-based method widely used in industry is the neural network. This method



provides the highest quality adaptation function, particularly where a large amount of data is
available. In [183], a generalized neural network model to predict SOC is presented. High
accuracy level is attained by this model with SOC estimation error of 0.1%. Machine learning
approaches provide high deep-learning capabilities compared to other conventional methods, and
learning accuracy progressively increases as historically learned information accumulates. Thus,
the accumulated operational data on EVs and the development of new connectivity techniques
such as vehicle-to-cloud (V2C), vehicle-to-vehicle (V2V), and vehicle-to-infrastructure (V2I)
[184] will undoubtedly offer wider a wider range of future implementations of these methods.
The principal limitations to ML-based models are time-consuming in collecting training data
which is more than six months’ worth [185], poor model accuracy as setting and testing
conditions vary from training data. Elsewhere, estimated results probably suffer evident
fluctuations due to overfitting or underfitting [186]. Fusing model-based filtering methods and
ML-based methods are therefore required to obtain more accurate and robust battery states

estimation [187].

3.3.5. Others approaches

Whilst some strategies do not fall into the previously proposed categories, it is highly important
to mention them in this review. So, other battery states prediction methods may include,
Multivariate Adaptative Regression Splines (MARS) [113], Sequential Monte Carlo (SMC)
[188], Smooth Variable Structure Filter (SVSF) [114], Sliding Mode Observer (SMO) [189], and
Multi-Gain Lunenverger Based Observer (MGLO) [190]. The table.1 below gives a summary of
all methods for forecasting the li-ion battery states, their advantages, disadvantages, and the

average error for each method.



Table 1.

Battery States Estimation

Methods

Direct
Methods

Adaptative
Filter
algorithm

Machine
learning
Methods

Others

Summary of li-ion battery states estimation methods, their advantages, disadvantages, and average error

Output estimated

2 Error is estimated from the approach described in the ‘Battery States estimation methods’ section

Strengths Weakness error® for each state (%) Ref.
socC SOH RUL
Easy to implement Long rest time needed to reach equilibrium 1 [191]
S, low st Take a !ong time to interrupt the OCV ) (192]
relaxation model
E impl I ional
asyto 'f“p ement, low computationa Difficulty assessing SOC's initial value 4 1-9 [123,124]
complexity
inlne, low cost, h'gh accuracy achieved if Results influence aging and temperature 2.1 [193]
impedance value is normalized.
Online, High precision Highly depends on model accuracy 5 [129]
Online, High accuracy Complicated, Heavy calculations 5 [194]
Accurate, high degree of noise can be filtered High computational complexity 1.76 5 [147,195]
Good Rrecmon in predicting non-linear Limited robustness. 1 (196]
dynamic state
Simple to implement Poor robustness 4 [197]
Good accuracy and robustness. Complicated, Heavy calculations 2 [198]
High accuracy Heavy computation, instability 1.08 1.52 [162]
A B ine h .
High accuracy, low computational cost RIS CLEVELES CIVA B eI, [ BEee 2.49 [170]
and temperature effects
High precision, less processing time High calculation 1-2 2 4.08 [167,199,200]
Good accuracy Low convergence rate 3 3-9 [201,202]
High Precmon, Robustness against noisy Heavy computation 5 (203]
function,
Adaptability to non-linear battery behaviour  Heavy computations 5 1.4-9.4 [204]
High accuracy, lest prediction time High complex calculation 0.2 1.6 33 [153,205,206]
High accurate estimation Require processing unit 0.1 0.5 0.6 [183,207]
. Accuracy disperses at the beginning and end
High accuracy of SOC period. 1 [113,208]
T T e D!fflcult tq adjust switching gain to control 3 [209]
sliding regime
Easy to implement, quick response Require high accuracy measurement. 2 [210]
High accuracy 0.8 3.2 [182,185]



3.4. Methodologies for battery cells characterisation

Over the past decade, lithium-ion batteries have gained considerable interest within the battery
community due to their high energy density, high efficiency, long life cycle, and low
maintenance. Currently, Li-ion batteries dominate the energy storage industry with 55% market
share [211], with dramatic downturn in Li-ion battery pack costs, falling about 87% from 2010 to
2019, reaching a volume-weighted average of 156 $/kWh [212]. However, its development still
faces several issues depending on an in-depth understanding and insight into the complex
mechanism and elusive chemical/physical processes of a cell during discharge and charge via
advanced characterization techniques. Therefore, improving battery performance and lifetime,
studying structure and chemistry impacts on LIB performance is critical [213]. With the recent
development of a third-generation synchrotron source, various advanced characterization
techniques have been explored, such as: Synchrotron X-ray techniques, neutron scattering
techniques, solid-state NMR techniques [214,215]. These tools represent an important step
forward as researchers can now obtain a more detailed understanding of how electrochemical
processes affect individual battery components under real working conditions. Meanwhile, such
approaches are very expensive and require a high level of expertise. Elsewhere, non-invasive
characterization tests have been widely used by both industrial engineers and academic
researchers to compare the cell capability and track its performance evolution during different
operations. The purpose of these tests is to make full use of the measurable electrical and thermal
signals from a lithium-ion cell to provide a comprehensive overview of its internal aging without
disassembly. Typically, these methods include capacity tests, open-circuit voltage tests,
electrochemical voltage spectroscopy tests, internal impedance/resistance tests (see Fig.13). The
measurement of cell capacity generally used to determine maximum capacity in applications
with a defined load, while OCV measurements provide crucial information on a thermodynamic
cell’s property. Resistance tests, therefore, describe cell dynamics. Numerous international
standards for characterization and electrical test of lithium-ion cells are well examined and
explored in [216]. Therefore, the various testing methods are compared through four criteria: test
equipment needs, generated data, knowledge usage and description of the key advantages and

disadvantages of each method (see Table.2). However, there is no ‘one-size-fits-all’ testing



process. Practitioners should describe their aims and required data, and then recognize which
characterization test can best achieve them. Moreover, as Li-ion cells rise in demand and usage,
it is expected that application-specific characterization tests will increasingly become more

relevant for future development.
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Fig. 13. Methodologies for battery cells characterization
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Table 2. Summary of test methods for lithium-ions battery characterization [216)]

Equipment

Fetiired Data generated

Battery
cyclers > Voltage
variation under
various charge/
= discharge
ngh.— . current
precision
battery
cyclers
>\Voltage
relaxation after
Battery short charge/
cycler discharge
pulses
>Voltage
High- variation with
precision very low (C/25)
battery charge and
cycler discharge
current
>DC voltage
Battery response
cycler
Specialised
EIS
equipment
>|mpedance
as a function
of frequency
Battery
cycler

Duration
Data extracted of test (h)
> Capacity
> Energy
>Temperature
increase 3-8

>Thermo-
dynamic

capacity 10-100

> Actual OCV
vs. capacity
> 0cv

. >100
hysteresis

> Voltage vs.
capacity
>Thermo-
dynamic
capacity

>|C and DV
curves

25-100

25-100

>=Cell internal

resistance 12

> Cell
impedance

> ECM model
parameters

2-4

Factors impacting

results
>Charge and
discharge rate
> Temperature

> Charge and
discharge rate
> Temperature

> Temperature
> Relaxation
period after
charge/discharge
> Charge
discharge rate

> Temperature
> Charge/
discharge rate

> 50C
> Temperature

Application of test data

>Validation of cell accuracy.
> Development et validation of
ECM and thermal model.

> EchM and ECM modelling
> SoC prediction
> Define degradation processes

> EchM and ECM modelling
> Performance degradation
> |dentification of
degradation processes

> SOC estimation
> ECM modelling
> EVS analysis

> EchM modelling

> Performance degradation

> |dentification of degradation
mechanisms

> Validation of cell accuracy
> ECM modelling
> Power fade definition

> Produces impedance over a
wide range of frequencies

> Dynamic modelling

> Performance degradation
> Identification of degradation
mechanisms

> EchM and ECM madelling
> Performance degradation

Advantages

> Simplicity.
> Short test duration
> Use of standard battery cyclers

> Widespread use of data
>(/10 enables EVS analysis and
pseudo-OCV according to cell
type

> Actual cell OCV measuring

= Actual OCV hysteresis

> Use of standard battery cyclers

> Quicker than GITT

> Provides in-situ

information of cell degradation
> Same data can be used for
pseudo-OCV analysis

> Simplicity
> Short test duration
> Use of standard hattery cyclers

> Strong evidence for
degradation analysis
> Enables development of ECMs

Drawbacks/cautions

>|mportant temperature rise
during test influences capacity
measurement

> Cells exposed to high over
potential, leading to
degradation

> High-precision battery cyclers
required.

> Long test duration

>| ong test duration

= High-precision battery cyclers
required.
> Long test duration

> High-precision battery cyclers
required.

> Long test duration

> Requires specialist
knowledge and analysis tools.
> Only DC resistance can be
measured

> No separation of
contributions to total resistance
> Specialised equipment
required

> Sophisticated test setup

and interconnections required

> Limited to lower frequency
measurements

> Accuracy is lower than EIS
> Additional data processing
involved




3.5. Life cycle analysis of a battery electric vehicle

A vehicle's environmental footprint needs to be assessed over its entire life span, to include the
environmental costs of manufacturing and lifetime, as well as the environmental impacts of
driving. It is therefore necessary to assess the carbon footprint of this type of vehicle by
comparing it to others, over its entire useful life [217,218]. Numerous researchers have used the
life cycle assessment (LCA) approach to compare carbon emissions between battery-powered
electric vehicles with conventional vehicles [219,220]. The term "life cycle assessment" refers to
all of the environmentally significant processes that occur during the life cycle of a vehicle,
including raw material extraction, component manufacture, assembly, transportation, vehicle
usage, and end-of-life treatment. According to the European Federation for Transport and
Environment's study on battery electric vehicle life cycle analysis [219], a medium-sized vehicle
with a battery produced in Europe and driven in France generates four times less greenhouse
gases than an equivalent gasoline vehicle over its lifetime (i.e. after 225,000 km). Due to the
numerous hypotheses taken in the realization of a life cycle analysis, a comparison of different
sources is required. Similar conclusions are drawn in [218,220-222]. For instance, Teixeira et al.
[218] assessed the impact of combining conventional vehicles with electric vehicles on carbon
emissions in Brazil under various scenarios. They indicate that, even in the most unfavourable
power generation scenario, electric vehicles release 10 times less carbon dioxide than
conventional vehicles. Glitman et al. [221] conducted a carbon emission study on electric
vehicles in Saudi Arabia. And reveal that for every 1% of electric vehicles implemented, carbon
emissions are decreased by 5%. In the best-case scenario, introducing 1% electric vehicles
reduces carbon emissions by 0.9%. Using the Hybrid LCA methodology, Xiong et al. [223]
examined the CO2 emission reduction potential of China's large-scale vehicle electrification. The
findings of review indicate that individual PEVs had lower life cycle CO2 emissions (g/km) than
equivalent conventional vehicles in all scenarios. In summary, the LCA of electric vehicles could
also be improved by the second life of batteries: use for other forms of mobility, for local

stabilization of the electrical grid, or for other uses.

Current research directions for Li-ion batteries are to: (i) selecting elements that are naturally

abundant, (ii) favouring less energy-consuming methods of synthesis by soft chemistry, (iii) or



developing electrodes based on organic materials. Furthermore, the progressive decarbonization
of the electricity used in the battery manufacturing process should contribute to an improvement
in their carbon balance. Other researchers have proposed the Well-to-Wheels life cycle analysis
model to calculate the energy consumption and GHG emissions of several EVs [224,225]. Based
on these studies it can be interfered that battery recycling and the transition to renewable power

contributes to the environmental benefits of EVs.

3.6. Mining resources

Li-ion technologies appear to be one of the best alternatives for electric vehicle batteries for
many manufacturers in terms of on-board power, lightweight, reliability, life span, and
manufacturing cost [226]. The large-scale manufacture of batteries for electric vehicles requires
the construction of very large factories (called Gigafactories), capable of producing daily
thousands of batteries, equivalent to GWh of electrical energy consumption per year [227]. All
Li-ion batteries are composed of a lithium-based liquid electrolyte, which interfaces between an
anode, mainly composed of graphite, and a cathode [54,228]. However, there are several variants
of chemical compositions for the anode and cathode materials. The main impact on performance,
cost and the quantity of materials used has so far been on the choice of metals for the cathode.

These are mainly lithium, cobalt, nickel and manganese [229].

In 2007, 82% of Li-ion battery cathodes were made of lithium Cobaltate (LiCoO2) or its
abbreviation LCO [230]. The evolution of cathode chemistry has subsequently favoured the
development of so-called NMC (Nickel-Manganese-Cobalt) formulations, offering greater
energy capacities while progressively limiting the use of cobalt in the cathode. The "333" NMC
formulation, in which the atomic contents of nickel, cobalt and manganese are identical (1/3 Ni,
1/3 Mn, 1/3 Co), has really been dethroned in favour of the "622" formulation (60% Ni, 20% Mn
and 20% Co), which is currently on the market [231]. Work is currently underway to improve the
behaviour of the next generation —called NMC "811" (80%Ni, 10%Mn and 10%Co) — which to
date has the disadvantage of a lower cycling life, but the advantage of containing even less cobalt

and more nickel, again due to the tensions on cobalt and its high prices [232].



The availability of these materials in sufficient quantities and qualities therefore directly
conditions the development of the battery electric vehicle market. To reduce the predicted
demand on battery resources, it is also essential to recycle batteries [233-235]. Although the
technologies already exist, they still need to be industrialized. One of the difficulties for battery
recycling industries is to be competitive with mineral extraction [236]. However, if the price of

these resources increases, recycling could become profitable.

4. EV charging infrastructures

Electric vehicle supply equipment (EVSE) or electric vehicle charging station (EVCS), is an
electrical component assembly designed specifically to deliver electrical energy from the
electricity source to an EV and PHEV. It involves cords, connectors, and interfaces. As shown in
Fig.14, EVCS can be divided into three major categories, based on the mode of energy transfer

which involves conductive charging, inductive charging, and the battery swapping [237,238].

EV charging systems

Conductive Charging Wireless Charging

: Battery Swapping
(Slow, semi-fast, fast) (Static, dynamic, quasi-dynamic)

SAE J1772 IEC 61851 SAE J2954
- Mode 2 WPT2
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Level 3 Mode 4 WPT4

IEC 62840

Level 2

Fig. 14. EVCS classification



4.1. Conductive charging systems

Conductive charging method transfers power from the utility grid to EV through direct metal-to-
metal contact. This method involves conductor to connect the electronic devices to the extent of
energy transfer. This method is simple, robust, and highly efficient [239]. Specific power
configurations differ from each country depending on voltage, electrical grid connection,
frequency, and transmission standard. According to the Society of Automotive Engineers (SAE),
the charging level can be categorized as alternating current (AC) level 1, AC Level 2, direct
current (DC) Level 1 and DC Level 2. While the International Electrotechnical Commission
(IEC) defines four modes of EV charging, namely, AC Mode 1 (Slow), AC mode 2 (slow), AC
mode 3 (slow/fast), DC mode 4 (fast) based on IEC 61851. Similarly, in the Chinese standard
GB/T 20234.1-2015. However, a recent detailed review of all EVSE standards have been
presented by Das et al. [12]. Thus, a summary of standards characteristics for each type of
charging systems in North America, Europe, and China [240-246] is given in Table.3. For
levels 1 and 2, the conversion of the utility AC power to the DC power required for battery
charging occurs in the vehicle’s on-board charger. In DC Fast Charging, the conversion from AC
to DC power typically occurs off board, so that DC power is delivered directly to the vehicle as

presented in Fig.15.



DC Fast AC Slow/Semi-fast
Charging Point Charging Point

-DCLevel 1,2 - Level 1,120V
Home, garage or office

Fast Charging
Commercial EVCS _Level 2, 240V
Private/Public EVCS
-Charger CCS, -
_CHAdeMo I 2] Energy Management | - Charger type 1,2
Combo /4N e B System Mennekes
' )

1 ()
[E(-: On- Board Charger /@

R — Recievi‘ngCoiI J

Road

EVCS Wireless Charging
Static, Dynamic, Quasi-Dynamic
WPT1,2,3

Power Compensaticn DC/HF AC AC/DC
Switches Network Converter Converter

Wireless charging requirements

3 phases. AC supply

_..B pc-DC Rectifier _. EMI_ Protection ----l.°£3: ______ Distributi . ___]_0[2___. Protection
Converter PFC Filter Unit Phases Supply istribution Phases Supply Unit
System Operator
DC Fast Charging requirements AC level 2 requirements
.............. EVSE Off-Board Charger EVSE On-Board Charger

Power Flow

Fig. 15. EV charging infrastructures

Another difference between these charging standards remains in the connector design, for AC
charging the SAE J1772 and the IEC 62196-2 type 1 and type 2 connectors are used for both
level 1 and level 2, while for DC charging the popular standard SAE J1772 Combo and
CHAdeMO Japanese standard are the only standards that can be used (see Fig.16), while Tesla

has designed its own connector for both AC and DC charging.
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The cost of conductive charging infrastructure is depending on each level. For example, the cost
of the AC level-1 takes less than $880 [247]. Level-1 charging equipment is portable, suitable for
residential applications and does not require the installation of specialized infrastructure [248]. It
uses a 120 V AC connection and takes approximately 8—12 hours to fully charge a depleted
battery, depending on battery size and type and the input power. For level-2, the charging
infrastructure for home or public applications costs approximately around $1000 to $3000 [247],
and the charging time take around 2—6 hours to fully charge an EV battery depending upon the
input power. This charging level requires an AC power range of 208-240 V, and it is suitable for
all EVs and PHEVs. The infrastructure installation costs for Level-3, also known as DC fast
charging, vary from $30,000 and $160,000 [247], and it’s widely used in public or commercial.
This charging level requires an off-board charger and uses 208—600 V. AC or DC commercial
three phase out, taking around 15-20 min to provide 80% of charge for EV battery, depending on

battery size and type, the input power, and temperature.



4.2. Wireless charging system

Wireless or inductive charging system is based on the principle of mutual induction for
transferring power between the grid system and electric vehicle without any physical contact.
This wireless link can efficiently prevent sparking over plugging and unplugging [249,250].
Thus, wireless charging system gives the possibility for dynamic charging while driving the
vehicle. Numerous companies worldwide, particularly in the UK, Germany and Korea, are
working to develop this flexible and convenient method for charging EVs that does not require
bulky cables [250]. Wireless charging infrastructure for EV can be classified into three main
categories: Static wireless charging (SWC), dynamic wireless charging (DWC) and quasi
dynamic wireless charging (QWC) [251-254]. SWC is similar to current plug-in chargers, it has
two coils; one is installed in the charger outside the EV while other coil is the integral part of the
EV (see Fig.15), both coils must be properly aligned to achieve the high efficiency of power
transfer [255]. Dynamic inductive charging system has the possibility to charge the vehicle while
it is moving. Thus, in this charging technology special charging tracks are placed on the roads
and provides energy to the battery, which increase the driving range of EV and reduce the
batteries size [256,257]. Quasi-Dynamic inductive charging systems are generally installed in
traffic light signals, taxi stops, or bus stops and provide energy to battery even for small interval

[11].

Since the appearance of wireless power system for vehicular charging purposes, there was a need
for standardization. Promotional activities towards creating a standard for WPT systems for
charging electric vehicles have been ongoing for several years. For instance, in October 2020,
the Society of Automotive Engineers (SAE) established the SAE J2954-2020 "Wireless Power
Transfer & Alignment for Light Duty Vehicles” [258,259], as an attempt to supply electric
vehicles (EVs) with a safe and efficient way of transferring electricity from a charging station to
the vehicle. Furthermore, in the near future, vehicles that can be charged wirelessly by
SAE J2954 can also be conductively charged by SAE J1772 plug-in charging. The SAE J2954-
2020 standard specifies different charging levels for wireless charging, based on the previous
SAE J1772 standard for conductive charging (AC levels 1, 2, and 3), with certain differences. It
describes WPT system requirements such as input power classes of 3.7 kW (WPT1), 7.7 kW
(WPT2), and 11 kW (WPT3), while including some criteria that concern ground clearance



ranges, frequency of operation, efficiency targets, EMC limits, and safety requirements as well
as testing of charging systems for light duty EVs. Thus, there are three types of ground
clearances Z1 (100-150 mm), Z2 (140-210 mm), and Z3 (170-250 mm) established for each
power class. This ground clearance signifies the air gap between the bottom of the receiver coil
and the ground floor. It is important to mention that this version SAE J2954 focuses only on
unidirectional charging and stationary applications, bidirectional and dynamic charging may be
evaluated and considered for a future standard. Elsewhere, the guidelines for wireless power
transfer communication between an electric vehicle and an inductive battery charging system are
released by the SAE J2847/6 [259]. Table.4 presents the WPT classes for passenger cars. The
WPTT1 power class is generally used for vehicles with small battery packs, such as plug-in hybrid
vehicles, while the WPT2 and WPT3 power classes will be the dominant charging level for most
light-duty battery electric vehicles. The charging time depends on the battery pack size but
receiving a full charge in around 4-6 hours is considered sufficient as most charging will occur

at home or work where vehicles are typically parked for hours.

The economic feasibility of wireless charging technology has received little attention due to its
novelty. Generally, this economic viability depends on several factors including the road
coverage, the power supply, the EV penetration level, and battery capacity [260]. Elsewhere, the
magnetically coupled transmitter and receiver differentiate a stationary wireless charging system
from a conventional wired charging system [261]. This implies that the cost of purchasing and
installing an 8-kW stationary wireless charging system to be about $400 [262]. When
considering the long-term cost benefits and convenience that the stationary wireless charging
system can provide, this cost can be acceptable to consumers [263]. Jae Jang et al. [27] assess
and compare the initial investment of implementing three forms of wireless charging (SWC,
QWC, and DWC) in a proposed public transportation system. It is mentioned that the cost of
batteries and charging infrastructure will differ significantly depending on the type of wireless
charging solution selected. DWC drastically reduces the high investment costs of typical plug-in
EVs by allowing the batteries to be downsized [249]. Likewise, battery costs can be reduced by
installing chargers at various bus stops. Furthermore, DWC would be cost competitive because it
would make efficient use of the existing charging facilities, since many cars would use the same

road segments equipped with a charging system.



The OLEYV is one of KAIST’s newly commercialized wireless-charging for EVs. This system is
designated as a DWC type and extensive technical details can be found in [264,265]. Related
pilot programs have recently started in several countries [24]. Based on the WPT systems built
and tested in recent few years, the WPT technology cost can be estimated. Thus, the third
generation OLEV cost was 1,069 M$/km [266], while the cost for the fourth generation was
reduced to 0.85 M$/km. The cost of power supply system is estimated to be 0.235 M$/km [267].
Depending on these costs, several authors have investigated the economic impact of DWPT
system. Shekhar et al. [268] presented a mathematical model that estimates the cost and road
coverage for various DWPT power levels (between 0.7-1.2 M$/km) for a driving range of
400 km. Jeong et al. [269] have used this model to investigate the economic impact of DWPT
system compared to stationary charging from a battery capacity reduction point of view. They
projected the average expense of the DWPT system over a ten-year term and found that the total
cost of the DWPT system is approximately 20% lower than the system cost of a stationary
charging system. Bi et al. [270] confirmed that the wireless charging system has the lowest
cumulative cost over its lifetime, in comparison with ICE, plug-in hybrid system. Fuller et al.
[271] estimated the cost of installing 626 miles of roadways in California with 40 kW DWPT
system to be $2.5 billion. With a target of a payback time of 20 years, and a total number of EVs
of 300,000, the costs per vehicle and year would be $512. This cost can be reduced to $168 a
year per vehicle if the EVs penetration is increased to 1 million. In summary, although the high
initial investment cost of WPT technology that depends on to the high construction, installation
and maintenance costs, this technology would still costly effective and competitive for long-term

consideration, especially with a fast development and a higher penetration of EVs.

4.3. Battery swapping stations

Battery swapping station (BSS) also known as battery switching station is a place where electric
vehicle owners can rapidly exchange their empty battery with a fully charged one (see Fig.17).
This concept has been proposed as a new method to handle the obstacles regarding to the
aforementioned traditional charging methods [272,273]. There are currently three battery swap

types on the industry: chassis power swap, sub-box power swap, and side power swap [274]. The



general outline of battery swap systems is given by the IEC 62840-1,-2 [275,276], and NB/T
33006-2013, NB/T 33020-2015 with a maximal voltage up to 1 000 V AC and up to 1 500 V
DC. It is claimed that the use of battery swapping station is advantageous, given the ability of
this technology to refuel the EVs in a rapid way [277]; for example, Tesla swaps an EV battery
in 90s [278], preventing waiting anxiety [279], and giving EVs the possibility to travel nonstop
on long road trips. As the EV’s owner does not own the battery in the car, a reduction EV’s total
cost is advantageous [238]. Thus, the cost over the battery, battery maintenance, quality, and
warranty are transferred to the battery swapping station company. Furthermore, discharged
batteries that are exchanged can be charged when electricity price is cheap and in an off-pick
period [280]. Moreover, the overloading, the network stress and the uncertainty in time of
charging caused by mass EV charging, can be disappeared by controlled charging in BSS
[238,281]. Other advantages include that the battery life expectancy can be prolonged because
the battery swap station has the possibility to charge batteries with lower voltage compared to

rapid charging stations.

With the rise of e-mobility services, this new technology as a new refuelling option has been
considered in several countries worldwide including China, Denmark, Germany, and India. For
instance, China has developed the world’s most BSS and charging spots [282] and aims to
achieve 12,000 battery swapping stations by the end of 2020 in order to meet the charging
demand of the growing EVs penetration [283,284]. While India has launched its first battery
swapping station for EVs, in order to facilitate the EV adoption [285]. The BSS adoption has
been seen elsewhere; in Germany the idea of battery swapping station is associated with the use
of photovoltaic plants in urban areas [286]. Other companies that have recently started to provide

battery swapping facilities include NIO, Gogoro, and BattSwap.



Micro Grid Battery Swapping Station Customers

+ Yuy

Transactions

) e Servies fees
i I Empty EV Batteries
% Battery Swapping
Charger Service >
A
m Grid to Battery (G2B) Charged EV Batteries

Battery to Grid
(B2G)
EV Batteries

Fig. 17. Battery Swapping Station

In recent few years, several papers in literature discuss the BSS adoption. In [287], it’s shown
that an optimal BSS placement can handle the issue of travel distance, and can avoid the battery
range anxiety. However, the BSS technology can be implemented in a Micro-grid or a network
of Micro-grids instead of distribution networks. Thus, this concept is considered in [288], in
terms of energy management and battery charging optimization. In addition, a study in [289]
presents the benefits of BSS integration in networked nano-grids regarding the renewable energy
resource, the reduction of fuel cost, and resilience enhancement. The influence of the BSSs on
the distribution network reliability is discussed in [290,291]. In these papers authors indicate that
the optimal BSSs scheduling and the behaviour of EVs users can enhance the reliability of the
system. Indeed, authors in [292] and [293], propose the application of BSS in order to schedule
the electric buses charging. While in [294], various battery swap pricing schemes and charging
policies for the BSSs are proposed. However, authors in [295,296] expect that the use of battery-
swap services can reduce the fleet size and the number of chargers. Elsewhere, the participation
of BSSs in the global electricity market has been discussed in [297], and it has been
demonstrated that BSSs can acquire a higher revenue while responding actively to the electricity
price fluctuation. Moreover, a comparative study between BSS and the fast-charging station in
terms of performance is presented in this paper [238]. Findings indicate that BSS is more suitable

for public transportation system and more competitive for BSS owner.



Table 3. Standards characteristics for conductive charging systems in North America, Europe and China
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Table 4. Standards characteristics for wireless charging systems in North America, Europe and China
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4.4. Optimal placement and sizing of EVCS

The EVCSs placement and sizing is recognized as being one of the most complex problems
related to EVCS, due to the increased use of vehicles powered by alternative fuels, and the
limited range and limited access to charging stations [298,299]. However, an appropriate
implementation of EVCSs is mainly important to reduce the energy loss in electric grid and
EVs [300], and to meet the increased charging demand, while improving the sustainable
planning of urban infrastructures. A literature reviews showing the state-of-the-art of
technologies and latest trends concerning the EVCS placement and their impacts can be found
in [239.,299]. In literature, several studies deal with these issues while providing different
approaches to size and define the optimal placement for charging infrastructures. The studies
specifically consider two aspects: one is economic, while the other focus on topics related to
the power grid. The ultimate goal is to determine EVCS’s strategic location and size through
optimization techniques that minimize total costs while maintaining the safety of the power
system. Different heuristic optimization algorithms have been used to solve with this problem.
For instance, researcher in [301,302] have used modified genetic algorithm (GA) to solve the
optimal EVCS placement and sizing problems. Particle swarm optimization (PSO) has been
used in [303,304] with the target to find optimal solution with higher possibility and
efficiency. In [305,306] Integer programming (IP) is used to identify the optimal location for
EVCS placement. Furthermore, Ant colony optimization (ACO) method has been also used in
this paper [307] to evaluate optimal EVCS placement. In relative studies, greedy algorithm
has been proposed in [308] to prove the heuristic optimization at each stage. It is claimed that
the use of heuristic algorithms is advantageous, given the ability of these methods to find the
global or near-global optimal solution even though the problem is very complex. Thus,
particle swarm optimization provides the advantages to obtain a global optimal solution with
higher possibility and accuracy compared to other methods. However, the main shortcomings
of PSO are low precision and easy divergence. Otherwise, genetic algorithms are easy to
implement, suitable for placement problems, but also requires long computational time to find
the optimal solution. Similarly, Ant colony optimization presents a rapid way for discovering
good solution. Nonetheless, ACO's time to convergence is uncertain. Furthermore, integer
programming methods are simple to apply but they only work with linear variables and
cannot potentially solve stochastic problems. Elsewhere, other practical and effective methods

in terms of computational costs, have been presented in literature to investigate and improve



the EVCS placement strategies such as clustering methods [309], Network Equilibrium
models [310], Flow Capturing models [311], dynamic spatial and temporal models [312,313],
simulation-based models [314,315], set covering models [316,317], Continuous facility
location models [318], Route Node Coverage problem [314,319], Mathematical programming
models [320,321], Graph theory [322], data-based methods [323-325], artificial intelligence
[326], and stochastic modelling [327].

All these approaches have provided important contributions from different viewpoints on the
optimal EVCS placement and sizing problem. Thus, most researchers apply single
optimization methods, whereas other researchers apply hybrid techniques by using a
combination of these methods while considering different criteria and constraints. For
instance, Sadeghi-Barzani et al. [328] used the Mixed-Integer Non-Linear optimization
approach to select the optimum location and size of the fast-charging stations considering EV
energy loss and electric grid loss and urban roads. The outcomes showed the robustness and
effectiveness of the proposed approach for picking the optimal location and capacity of
charging stations. Injetiet al. [329] used a combination between PSO and Butterfly
Optimization (BO) algorithms to optimize the integration of distributed generators (DGs) into
radial distribution systems in the presence of plug-in EVs in order to reduce daily active
power losses and improve the system voltage profile. The simulation results show that the
suggested solution enhanced system performance in every aspect. Fathy et al. [81] proposed a
metaheuristic-based strategy for locating and sizing parking areas in the distribution network.
The study’s primary goal was to increase network robustness at the lowest possible expense.
The problem was optimized using various algorithms, and the final results revealed that the
Gray Wolf optimizer (GWO) provides the best performance. Cilio et al. [325] suggested a
novel data-driven framework using real-time GPS information for installing suitable rapid
EVCS in large urban areas, to assess the smallest possible facilities for a level of charging
availability that guarantees continuous electric taxi service in Istanbul, Turkey. This research
has also shown the realistic trade-off between initial economic expenditures in infrastructure
implementation and the level of charging accessibility in the domain. According to their
findings, an appropriate charging infrastructure to support a fully electric taxi fleet of 17,395
vehicles in a major city like Istanbul should include approximately 1,363-1,834 charging
stations, depending on the roll-out strategy. They also demonstrate that small changes in the
number of charging stations (less than 1,300 charging stations in this case study) will result in

significant changes in taxi charging availability, and reliability of taxi services. Chen et al.



[330] proposed a Balanced Mayfly Algorithm (BMA) to find the optimal placement of EVCS
to 30-bus distribution system in Allahabad, India. The simulation results reveal that the
proposed approach, with an active power loss of 18.358 MW and a reactive power loss of
73.826 MVar, and 415 charging ports, provides better performance with lower power losses.
A recent approach to the issue of charging station placement is found in [331], where two
effective evolutionary algorithms, Chicken Swarm Optimization (CSO) and Teaching
Learning Based Optimization (TLBO), are combined to extract the best features of both
algorithms. The proposed hybrid algorithm clearly outperformed others in addressing the
charging station location issue. Jordehi et al. [332], formulated a mixed-integer non-linear
optimization problem to find the optimal placement of battery swapping stations in microgrid
including geothermal, pumped hydro storage, photovoltaic, and wind power plants. The
results indicate that choosing the optimal location for BSSs is crucial, as the difference in
daily microgrid operating costs between the best and worst locations is as high as 4.9%. For
dynamic ridesharing, Ma et al. [333] established an online vehicle-charging station
assignment model, and improved the location of fast-charging stations by incorporating
charging management to reduce the fleet’s regular charging service time. In this study, a
surrogate-assisted optimization approach is adopted, and the proposed methodology has been
evaluated in Luxembourg on a realistic scalable bus service. The findings reveal that the
proposed online charging strategy could significantly minimize fleet charging times while
compared to other approaches. Thus, with the installation of 10 extra DC fast chargers,
charging time can be decreased by up to 27.8%. Today, there are several web sites available
that summarize charging stations and map them to reduce the fleet’s congestion and charging
time. For instance, ChargePoint and PlugShare operate the world's largest network of EVCS

in North America and Europe [334,335].

Nevertheless, inappropriate placement and sizing of electric vehicle charging stations had a
negative effect on the traffic network infrastructure in the region, as well as the suitability of
EV drivers [336]. An adequate choice these methods can be based on different criteria such as

the computational time, the cost, and the convergence.

5. Services that an EV can provide

Electric vehicles appear to be the future solution to ensure mobility independent of fossil

energy resources and non-emitting CO2 during use [337,338]. The use of electric vehicles is



not restricted to transportation, but it also covers the electricity sector. They could enable
many ancillary services to the grid, such as voltage regulation [339], load levelling [23],
spinning reserve [340], and storage [22] and so on. At residential level, according to
Marinescu et al. [341,342], enhancing the currently existing millions of household RES
Microgrids with an EV charging capability would improve the utility grid by providing to
leverage distributing RES to prevent overcharging [341]. However, increasing the penetration
of EVs brings new challenges to the distribution system operator (DSO) and require new
approaches and strategies to integrate these active distributed resources in sizeable quantities
as well as the aggregator [343-345]. The aggregator is a necessary entity to implement the
V2G concept [346]. It is an upstream link to various network entities. Through this concept,
using EV battery as a storage medium for the network when it is connected can be a possible
solution for load balancing and for reducing the ownership cost of an EV [344,347]. Also,
with the development of intelligent and bidirectional charging stations, electric vehicles have
the ability to transfer energy to the power grid (V2G), to EVs (V2V), and to the residential
(V2H) or tertiary (V2B) buildings to which they are connected [5,348] (see Fig.18). These
concepts allow buildings to be deleted from the power grid during critical peak periods and

thus contributes to its reliability.

The worldwide V2G projects and corresponding key insights are mapped out in [349]. Since
2009, there have been 86 projects involving V2G systems in 22 countries, with approximately
59% proof of concept trial, 20.5% small-scale commercial trial, and 2.6% are services
produced commercially. Great Britain with 43, the United States with 27, and Netherland with
19 offered services are top three countries in terms of offered V2G services. Among top 14
vehicle manufacturers that have participated in the V2G projects, Nissan, Mitsubishi, Honda,
Fiat-Chrysler, and Renault have the biggest share of these projects, about more than 68% of
the total projects. In recent few years, several V2G feasibility analyses have been undertaken
to better understand the potential applications of EVs [23,350-352], the economic and
environmental impact of V2G system [352-357], and to present strategies for its positive
emergence in power systems [358—360]. For instance, authors in [350,353] have proposed the
adoption of V2G technology and demonstrated that V2G can improve the quality and
reliability of the power system. Bibak et al. [360] show that integrating EVs and V2G systems
in power supply with high RESs improves power grid reliability in terms of reducing total
cost and emission levels. Muhammad Aziz et al. [23], performed a peak load shifting by using

SEV, used EV batteries, and 20 kW PV panels as RES. They demonstrated that the



application of this system in supporting certain small-scale energy management systems is
feasible. Sarabi et al. [351] assessed the real potential use of EV to provide a fast response.
They modelled the available V2G power of the EV fleets in Niort, a city in west of France.
According to their findings, EVs may participate in the grid ancillary services sector to reduce

their daily operating costs in the deregulated energy market.

-------- Transmission power lines
-------- Data lines

Fig. 18. V2X topology

From an economic standpoint, the use of EVs in V2G is possible since the estimated profit is
higher than the actual selling price of EV batteries, even though battery wear is considered
[357]. In another study, Huda et al. [352] focused on the potential use of EVs in the
Indonesian power grid, especially for load levelling and frequency regulation. Results reveal
that both the power company and EV owner can benefit from the V2G implementation; For
the EV owners, the charging cost of EVs can be reduced by up to 60.15%. From power
company point of view, the V2G can improve annual revenue by approximately 3.65%, whilst
the peak supply from fossil fuels is effectively reduced by up to 2.8%, and 8.8% for coal and
gas, respectively. Xinzhou Li et al. [356] conducted a cost-benefit analysis of V2G EVs
supporting peak shaving in Shanghai, taking into consideration four brands of electric

vehicles. The results exhibit that power plants have the most benefits of the three participants,



significantly surpassing those earned by EV owners, and recommend the establishment of a
fair market distribution mechanism of V2G profits among three participants to guarantee a
rational distribution of benefits. In similar analysis, Gough et al. [355], investigate the
economic potential of 50 EVs with V2G in the United Kingdom. They demonstrated the
economic attractiveness of EVs with smart charging could provide a significant source of
income, resulting in an individual vehicle net present value of around £8400 over 10-year
period. In this another study, Brinkel et al. [353] investigated whether grid reinforcements are
appealing from a cost or emissions standpoint in the light of massive EV penetration. The
study’s findings reveal that using V2G will result in significant reductions in EV charging
costs and emissions even with the current transformer capacity. They indicate a cost savings
of up to 32.4% compared to uncontrolled EV charging. Also, emissions can be reduced by

23.6% while EV charging costs can be reduced by 13.2%.

From the previously mentioned works, several barriers are identified, and here are some
requirements that must be fully fulfilled, to benefit from EVs thought the V2G concept in a

positive way:

* Optimal management methods for mitigating grid challenges with electric vehicles
[359].

* Smart metering system that ensures accurate measurement and improve the fairness
and transparency during charging and discharging process is essential and can be
implemented in the aggregator level.

* A reliable market forecast that takes into account the weather conditions and human
behaviour is critical for determining the peak-cut threshold [23].

*  One of the most common concerns that EVs owners have about participating in the
V2G scheme is exchanging data and information about their location, driving
activities, charging places, and so on with aggregators and central power units. So, an
efficient and secure communication system is required [361], and new protocol can be
developed especially with the successful implementation of 5G which is expected to
be the future technology for V2X communications due to its speeds and other
technical advances [362].

* Further market models of encouraging policies, competitive tariffs, tax reduction, and

subsidies are needed to encourage the EV owner to participate in V2G system.



6. Incentives to accelerate EVs adoption

Numerous policy incentives have been adopted in recent years to support and promote the
adoption of electric vehicles [363,364]. This meant to increase the attractiveness of EVs is an
important way to boost EV sales [365]. As shown in Fig.19, these incentives can be classified
into two main categories: financial incentives, non-financial incentives, or taking other forms
as well as supporting charging infrastructures, raising consumers awareness and so one.
Financial incentives refer to different forms of financial costs associated with EV purchase
and use, and they may take many forms [16]: Point-of-sale Grant incentives; This incentive
takes the form of government purchase reductions or grants and helps to reduce the cost of
EVs at the time of purchase, for instance Consumers in Germany will save US$5500 from the
cost of BEVs. Post purchase rebates; usually given as a cheque to consumers after purchasing
the vehicle, for example in the United States BEV buyers can benefit from a rebate of
US$2,500 after purchase. VAT and Purchase Tax Exemptions; Generally applied at the time
of purchase, BEV customers can pay reduced to zero VAT to pay no sales tax on certain cars.
For e.g. in China this opportunity is worth US$9,800. Income Tax Credits; This incentive
entitles BEV users to a reduced income tax bill at the end of the fiscal year, for instance in the
United States customers can pay US$7,500 less tax. Otherwise, financial incentives can take

other forms such as free or preferred parking, free charging.

Non-financial incentives refer to various types of non-monetary benefits that consumers can
benefit with while owning an EV, such as the access to high occupancy vehicle (HOV) lanes,
and toll road access [15,366]. Otherwise, incentives can take other forms like supporting
charging infrastructure, raising information and awareness while providing consumers with
the right information or educating them on the differences between EVs and ICEVs, and

correcting misperceptions around energy savings, EV’s maintenance and reparation [365].

Understanding which incentive stimulate and promote EVs adoption is important to optimize
the use of public funds and resources. In this way, several research in the literature analysed
the effectiveness of financial and non-financial incentives for EV adoption, either through a
questionnaire survey or an analysis of EV markets, or through other methodologies, such as

qualitative surveys, literature or policy assessments [15,16,367]. Hardman et al. [16]



investigate the effectiveness of financial incentives in the top market for EVs which are:
Canada, China, France, Germany, Japan, Netherlands, Norway, United Kingdom, United
States, with the aim to find whether financial purchase is effective in promoting EV sales.
They indicate that buying benefits should be applied as a reward or VAT buy-tax exemption,
and they recommend that the size of incentives should differentiate between EVs ranges that
have different environmental and energy benefits. In line with these findings, Santos et al.
[368] questioned whether electric vehicles need government subsidies in the United Kingdom.
Results indicate that BEV needs large subsidies to be competitive. With a £4,500 rebate or
exemption from 20% VAT, BEV mass market could be increased significantly in the UK.
Similar conclusions are drawn from several studies in [369,370]. In another study, Langbroek
et al. [365] demonstrate that free parking and access to bus lanes are efficient to potential EV
users and increase the probability of EV adoption. According to Jenn et al. [371], every $1000
provided as a rebate or tax credit boost annual sales of EVs by 2.6% in the United States,

while HOV access generates 4.7% rise per 100 vehicles using lane per hour.

Kester et al. [372] presented a qualitative study that addresses the reasoning underlying EV
incentives and policy processes in the five Nordic countries. They demonstrate how the
advantages and disadvantages of these policy structures differ by region, transport segment,
market share, and even region. They provide expert advice in terms of costs, charging
infrastructures, consumers’ knowledge and awareness, and more general policy directions.
From this study it can be concluded that taxation policies are preferred over subsidies, even
where no taxation exemptions are available. Also, strong, and stable national targets preceded
by purchase price incentives and flexible local variable secondary benefits; as free parking,
HOV/bus access, free charging, and toll exemptions are necessary to promote EVs, as well as
more attention to consumer information and awareness campaigns. The effect of various
government subsidies on the market share of BEVs in Australia was investigated by Cong et
al. [373]. Since EVs are supposed to be costly expensive, the findings suggest that a refund on
the initial expense of an EV is the most preferred monetary incentive. Thus, rebates on energy
costs and parking fees are well received by Australians as a way of promoting EVs, while

non-financial incentives are ineffective to promote EV's adoption.

Lack of availability of recharging points also limits the deployment of EVs. According to
[374], most light-duty electric vehicle chargers in 2019 are private chargers in homes,
workplaces, and multi-dwelling buildings, while publicly accessible chargers accounted only

for 12% of total chargers, most of which are slow chargers. Sierzchula et al. [375]



investigated the effect of financial incentives and other socioeconomic variables on EV
adoption in different countries. They found that supporting charging infrastructure has the
most dominant policy effect on a country’s rate of new EV sales. Similarly, Mersky et al.
[367] also revealed that charging infrastructures accessibility is highly related to EV adoption

in Norway.

Research on incentive policies has shown contradictory outcomes, including both
effectiveness and ineffectiveness [376,377]. The consumers’ purchase intentions could
depend on several factors such as the mechanism of government policies, consumer
psychological factors, consumers’ perceptions of incentive policies and consumer social
attributes, environmental concerns and so on [376,378]. In a recent study, Wu et al. [363]
reviewed the China’s EV subsidy policy in a macro scope. They demonstrated that achieving
the EV emission target solely through government subsidies would be difficult and concluded
that the development of a future EV industry must shift from a policy-driven to a market-

driven model.

Elsewhere, future studies may emphasize on the relationship between a country’s charging
infrastructure accessibility and its EV penetration level as in [379]. Also, investment into
R&D is required to improve the technological advancement of EV and production quality,
this can increase the competitiveness and widespread adoption of EV [380]. Controlling
production costs, providing convenient transport infrastructure, and distinguishing customers’
experiences of driving EVs from conventional vehicles are viewed as necessary strategies for
current EV manufacturers to tap consumers’ deep desire and stand out in the highly

competitive environment.
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Fig. 19. Types of policy mechanisms affecting PEVs adoption

To reduce the emissions of transport, it is necessary to activate multiple levers. These levers
must be implemented over the long term and require strong, coherent and constant
involvement of the public authorities to give visibility and confidence to the players in their

investment choices.

7. Recommendations

As mentioned earlier, there are several factors that influence the adoption of battery electric
vehicles. Some of these have already been studied, but there is still work to be done to

encourage the adoption of these vehicles.



* To successfully decarbonize road transport while taking into account economic,
ecological and social constraints, we believe that the electric motor will have to
become widespread, and be powered by on-board batteries, coupled with the gradual
deployment of recharging infrastructures to increase the autonomy of cars.

* To improve the performance of the battery electric car, it is necessary to improve the
energy density of the batteries, optimize the design, management system and
integration of the battery system in the electric car.

e Other actions are necessary to optimize electrical consumption such as reducing the
mass of the car, improving its aerodynamics and installing a regenerative braking
system.

* Greater coordination and cooperation of policies are needed across different sectors
specially the transport, energy sector, to foster the world transition toward clean

energy, and to achieve the environmental objectives.

8. Conclusion

Electric vehicles are expected to become a sustainable part of the mobility scene and will
continue to expand in the coming years, taking an increasingly large share of the market.
Their economic viability without subsidies, still penalized by the current cost of batteries,
should improve in the coming years and become competitive with internal combustion
vehicles. Future batteries must also demonstrate that they represent a sustainable development
breakthrough in order to be worthwhile. In addition to the issue of access to raw materials, the
question of recycling is posed to ensure that, for example, the plastics scandal that nobody

would have anticipated a century ago will not occur in this sector today.
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