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Abstract: Fossil energy consumption and environmental protection issues have pushed electric
vehicles (EVs) to become one of the alternatives to traditional fossil-fuel vehicles. EV refers to a
vehicle that uses electric energy as power and is driven by an electric motor. The electric energy of
EVs is stored in batteries. When the EV is not traveling, the battery can provide power for other loads.
Therefore, with the increase in the number of EVs and the load of the power grid, the EV-to-grid
(V2G) mode, which uses EVs to supply power to the power grid, has gradually entered the field of
vision of researchers. The physical connection mode, charge and discharge technology, and energy
management strategy are the main topics of the current review papers; however, there is a lack of
systematic research on V2G modeling, framework, and business models. This paper describes the
concepts of the spatio-temporal distribution model and the adjustable capacity of EVs. In addition,
common constraints and methods in optimization are introduced. Moreover, this paper introduces
the interactive relationship among power grids, load aggregators, and EV users. Furthermore, the
business model of V2G is introduced and analyzed from various perspectives. Finally, the future
development of V2G is pointed out. This paper’s goal is to provide an overview of the present V2G
application scenarios and to identify any challenges that must be overcome.
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1. Introduction

With the increasing global attention towards environmental protection, EVs have
gradually become one of the alternatives to traditional fossil-fuel vehicles due to their
low emission and low pollution characteristics. By the end of 2022, there were more than
27 million EVs on the road, which could store about 1.35 billion kilowatt-hours of electricity.
EVs equipped with large-scale energy storage devices have attracted the attention of the
energy sector [1]. Their huge energy storage capacity enables them to participate in power
grid regulation as virtual energy storage [2]. Some researchers have pointed out that
many EVs spend most of their time in parking spaces during use. Therefore, during EV
parking, the EV battery can be used to supply power to the surrounding load. EVs charge
load/energy storage units, which can assist in more stable operation of the power grid and
make the power grid system more flexible, efficient, and balanced [3].

EVs that obtain electricity from the grid are called grid to vehicle (G2V) [4]. Vehicle to
grid (V2G) refers to the power grid using the batteries of EVs to cushion the volatility [5].
This volatility is brought about by excessive load [6]. Mahela et al., through calculation,
verified that the V2G system can effectively keep system parameters such as frequency and
voltage within the allowable range [7]. Based on bidirectional converters, V2G and G2V
can be converted between EVs and the grid [8]; when the load curve of the grid approaches
the peak, the EVs feed the power grid as an energy storage unit. When the load curve
of the grid approaches the valley, EVs can reduce the peak−valley difference of the grid

Energies 2023, 16, 6151. https://doi.org/10.3390/en16176151 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en16176151
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0009-0004-0382-159X
https://doi.org/10.3390/en16176151
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16176151?type=check_update&version=1


Energies 2023, 16, 6151 2 of 18

by storing the excess power generation of the grid. Due to the existence of time-of-use
electricity prices, EV users can sell electricity when the price is high and buy electricity
from the grid when the price is low. In this way, EV users can obtain certain subsidies and
reduce charging costs [9]. EVs can supply power to the connected buildings, compensate
for the instantaneous electricity demand of the buildings by using battery discharge [10],
reduce the additional power generation of the grid, and meet the power demand of the
power side and the balance demand of the grid [11]. Many references have shown that it is
effective and feasible for response EVs to operate as virtual energy storage auxiliary power
grids, and they can reduce the impact of disorderly charging of large-scale EVs on power
grids [12].

A battery is an important component to achieve V2G, and in the current research on
EV batteries, lithium batteries and supercapacitors are hot topics. Lithium batteries have
the advantages of a high specific energy [13,14], good cycle performance [15], and no mem-
ory [16,17]. Lithium batteries are often used as power supplies for EVs, portable electronic
devices, distributed energy storage systems, and other devices [18]. The supercapacitor
is a kind of power supply between the traditional capacitor and the battery. No chemical
reaction occurs during the charging process, so its charging and discharging process is
reversible [19]. The supercapacitor can be repeatedly charged and discharged, and can be
quickly charged and discharged at a great current. However, the battery has a higher energy
density than the supercapacitor, and can store more energy in the same volume. Song et al.
described the functions of each part of the lithium battery, and described the composition
of the battery in detail [20]. Considering the whole life cycle of EVs and battery reuse after
the end of vehicle life, Chengjian et al. showed that by 2050, the participation rate of EVs
needs to reach 12–43% to meet the global short-term grid storage demand. If half of the
batteries are used as stationary storage after the end of the vehicle’s life, the participation
rate of EVs will be less than 10% [21]. At present, supercapacitors have reached the level of
meeting the needs of portable and wearable electronic devices [22], but there is still a gap
for the application of EVs.

In existing studies, many authors are studying the energy management method,
optimization method, operation mode, and topology of EVs in V2G mode. Van Binh and
Long Bao considered the cost of battery degradation and EV charging optimization [23].
Niphon K et al. described several energy management methods to reduce the impact of EV
entry on the grid [24]. Luo et al. mainly focussed on the influence of large-scale EVs on the
distribution grid and proposed a multistage sequential load recovery method to ensure the
safe and stable operation of the grid [25]. Hou et al. mainly focused on the cooperation
mechanism and basic framework under the Internet of vehicles. In addition, researchers
also put forward an energy management method based on the Internet of vehicles [26]. At
the same time, researchers also proposed that the disorderly charging of EVs will affect
the energy management of smart buildings with renewable energy, and thus proposed a
method to limit the disorderly charging behavior of EVs. Faran and Ibrahim focused on
the development of EV infrastructure and comprehensively described the standards and
specifications for infrastructure implementation. In addition, Razi Faran also introduced
the existing charging technologies and predicted the future development direction and
challenges that EVs will face [27]. Tao Ye introduced three kinds of EV energy supply
facilities, namely charging piles, charging stations, and changing stations, and expounded
on the method for determining charging demand points according to different methods
of charging infrastructure planning. In addition, Tao et al. also introduced a model and
algorithm for optimizing the layout of charging infrastructure and put forward some
suggestions for optimizing the layout of the EV charging infrastructure [28].

In addition, some research reviews have described charging topology and the related
technologies involved in the process of response EVs. Sunddararaj Suvetha et al. mainly
focussed on the various standards of EVs, photovoltaic systems, and the interconnection
equipment of grid-connected systems [29]. Abraham Dominic et al. mainly focused on
related standards of EV charging stations [30]. The reference also discussed different levels
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and types of charging stations used for EV charging. Mierlo Joeri et al., [31] introduced
a variety of new EV technologies and analyzed potential technical challenges. From the
perspective of car users and EV users, Ali M B et al. proposed a new energy management
strategy for optimizing the operation of mobile charging stations [32].

In the current review studies, most of the existing references in the field of V2G
explore the integration of V2G, such as the equipment in V2G, active and reactive power
algorithms, the connection mode in V2G, lower fuel consumption and CO2 emissions,
and the impact of EV access on the power grid. İnci Mustafa et al. [33] presented a
comprehensive introduction to the structure of the charge and discharge system and
the use of converters. Reasonable active and reactive power can enable EVs to provide
frequency and voltage regulation services; Alicia T provided a review of wireless charging
technology for EVs [34]. Abdulgader et al. described an EV technology, charging topology,
and energy management strategy [35]. Das H et al. reviewed the impact of electric vehicles
on the power grid, and summarized the international standards for EV charging and grid
interconnection, as well as the charging infrastructure [36].

Several review articles that describe V2G connection, wireless charging technolo-
gies, and energy management strategies are analyzed in this paper. However, the spatio-
temporal distribution, multi-subject interaction framework, and business model of V2G
are not taken into account. Therefore, in this paper, the adjustable capacity modeling of
EVs, common optimization objectives, the multi-subject interaction framework, and the
multi-type V2G business model are presented. In Section 2, this paper elaborates on the
existing models of the spatiotemporal distribution and the adjustable capacity of EVs. The
limits of the adjustable energy, the objective function, and the constraint conditions are
described in this paper. In Section 3, the interactive relationship among the power grid,
load aggregator, and EV user is introduced. This paper describes the role of each subject
and the framework among the subjects. In Section 4, this paper introduces the business
model of V2G from the perspectives of demand response, ancillary services, and green
power transactions. Finally, the future development prospect of V2G is analyzed and the
full text is summarized. This paper’s goal is to provide an overview of the present V2G
application scenarios and to identify any challenges that must be overcome.

The databases this paper uses are Web of Science, IEEE Xplore, and Scopus, with
keywords such as vehicle-to-grid, EV, and adjustable capacity. This paper focuses on
papers from the last 5 years. In this work, the bibliography has been compiled based on the
fundamentals of integrating EVs into power grids by using >80 journal research papers,
reviews, conference proceedings, book chapters, theses, and web pages.

2. Response Modeling of EVs
2.1. Spatio-Temporal Distribution Model of EV Charging Load

The primary issue regarding integrating EVs in power grid regulation and control is
the impact of the driving behavior and charging and discharging behavior of large-scale
EVs in the traffic network [37]. Factors such as travel rules of EV users, the structure of
the traffic network, and the distribution of charging facilities affect EVs’ driving behavior
and charging and discharging behavior [38]. Therefore, the analysis of the spatial-temporal
distribution of EVs is the premise and foundation for the study of the virtual energy storage
of EVs. This section will introduce several commonly used research methods of spatio-
temporal distribution of EVs. This section describes two methods used to characterize user
trips. Both methods require Monte Carlo sampling. Therefore, the process of Monte Carlo
sampling will be briefly described at the end of this section.

Original-destination (OD) matrix analysis is usually used to study the urban road
network, where O represents the starting point, D represents the destination, and OD
point refers to the longitude and latitude coordinates of the trip’s starting point and arrival
point. The OD matrix analysis divides the selected traffic plane into different spatial grids
according to the spatial scale, and takes these spatial grids as the research area [39]. The OD
spatio-temporal matrix can be used to obtain the charging and discharging characteristics
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of EVs under different charging and discharging modes. After the OD matrix describes
the travel characteristics of users, it is necessary to use Monte Carlo sampling to predict
the time and space of EVs. In reference [40], by extracting the road topology of the city,
the OD matrix is used to establish the travel probability matrix describing the user’s
travel characteristics.

The Monte Carlo method is an approximate inference method to solve problems such
as expectation, mean value, area, and integration [41]. According to the characteristics of
the spatiotemporal distribution of EVs, EVs can be regarded as particles and cities as a
plane. The Monte Carlo method can be used to predict the spatiotemporal distribution
of EVs [42]. The Monte Carlo simulation flow diagram is shown in Figure 1. The first
step is to generate the quantity of EVs, the number of simulation cycles, the initial state
of charge (SOC), the start time, the beginning node, the destination, and to compute the
mileage energy consumption. SOC refers to the usable state of the remaining charge in the
battery [43]. If SOC is less than the threshold value, an emergency charging requirement is
generated and the charging location is taken as the starting node. If SOC is greater than
the threshold value, the estimated travel time and arrival time are considered. Second, if
the destination is home, start the next cycle or end the simulation. If the destination is
not home, the EV owner chooses whether to fragment time charging. If so, no emergency
charging requirement is generated; otherwise, it is generated. In reference [44], based on
the central limit theorem and travel chain theory, the Monte Carlo method is adopted to
simulate the time distribution of charging loads at different functional stations.
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The travel chain model effectively describes the spatial and temporal distribution of
EVs, which includes both time and space feature quantities [45]. The time characteristic
quantity records the travel time distribution of EVs, including the departure time, arrival
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time, waiting time, and other time information. The spatial characteristic quantity records
the spatial displacement of EVs, including the departure location, destination location,
travel distance, and other spatial information [46]. The resident travel chain and Markov
process are introduced to describe the spatial transfer characteristics of user trips, and
then Monte Carlo sampling is used to obtain the temporal and spatial distribution of the
charging load.

2.2. Modeling Analysis of EV Adjustable Capacity
2.2.1. Scenario Analysis of Adjustable Capacity

The adjustable capacity of EVs refers to the space for adjusting the charging load up
and down. Considering the constraints of the battery capacity, charging power, and driving
time, the adjustable capacity specifically reflects the change ability of the charging power
of EVs in different periods [47].

As shown in Figure 2, the X-axis is time and the Y-axis is the SOC, taking the adjustable
capacity of the unidirectional charging EV as an example. ABCDE is the area with the
adjustable capacity of the unidirectional charging EV. The slopes of AE and BC represent
the rising rate of SOC when the EV is charged at the rated charging frequency. To prevent
excessive battery discharge, EV users will set SOCmin and stop discharging when it is lower
than this value. SOCt is the battery state when EV enters the grid. SOCpm meets the lower
limit of off-grid SOC for EV users in the next stroke; SOCe is the expected off-grid power of
EV users. If the off-grid power is not lower than SOCe, user satisfaction will not be reduced.
If the off-grid power is within the range of [SOCpm, SOCe), user satisfaction will be reduced;
SOCmax is the upper limit of battery capacity. [tin, tout] is the on-grid period; tin and tout are
the on-grid and off-grid time of EV, respectively; and tpm is the latest charging time of EV
after on-grid, ensuring that the off-grid electric quantity is not lower than SOCpm.
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Figure 2. Unidirectional charging EV adjustable capacity range.

Segment BC represents the mandatory charging constraint, point B is the latest charg-
ing time; the latest charging time tpm and line BC can be expressed as follows:

tpm = tout −
(SOCpm − SOCin)C

Prated,cηc
(1)

SOC =
Prated,cηc

C
(t− tout) + SOCe (2)

where
Prated,c = the rated charging power of EV;
C = the battery capacity;
ηc = the charging efficiency.
In the scenario of V2G, the EV can be charged and discharged. Compared with the

adjustable range of the unidirectional charging EV from ABCDE to AA1B1BCDE, the SOC
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value of EV should be included in the above area. Line segment B1C still represents the
forced charging constraint, and the latest charging time is tpm,d. In Figure 3, line segment
AA1 represents the process of EV discharging from SOCt to SOCmin at a rated discharge
power after the EV is connected to the network. The slope is the SOC change rate under
the rated discharge power.
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The mathematical expression of line AA1 is as follows:

SOC =
Prated,dηd

C
(t− tin) + SOCin (3)

where
Prated,d = the rated discharging power of EV;
ηd = the charging efficiency.
The lower limit of SOC should be satisfied in the charging process:

SOCin +

t
∑
tin

ptηt∆t

C
≥ max(

Prated,dηd

C
(t− tin) + SOCin,

Prated,cηc

C
(t− tout) + SOCe, SOCmin) (4)

The upper limit shall meet the following:

SOCin +

t
∑
tin

ptηt∆t

C
≤ min(

Prated,cηc

C
(t− tin) + SOCin, 100%) (5)

where
pt = the charging and discharging power at time t. A positive power indicates charge,

while a negative power indicates discharge.
ηt = the charging and discharging efficiency at time t.
According to the deformation of Equations (4) and (5), the dynamic constraint of SOC

in the charging process can be written as follows:

t

∑
tin

ptηt∆t ≥ max(Prated,dηd(t− tin), Prated,cηc(t− tout) + C(SOCe − SOCin), C(SOCmin − SOCin)) (6)

t

∑
tin

ptηt∆t ≤ min(Prated,cηc(t− tin), C(100%− SOCin)) (7)

In this case, the adjustable capacity of the EV at time t is:

(1) Upward capacity:
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∆pt =

{
0 , pt,0 > 0
Prated,c, pt,0 = 0

(8)

(2) Downward capacity:

∆pt =

{
−Prated,c , pt,0 > 0
−Prated,d , pt,0 = 0

(9)

where
pt,0 = EV’s reference charging power.

2.2.2. Objective Function

The optimization goal is to minimize the load fluctuation of the power grid.

min

24
∑

t=1

(
Qgrid,t +

N
∑

i=1
pi

t −Qavg

)
Q2

avg
(10)

where
Qgrid,t = the operating load of the power grid at time t;
pt

i = the charging power of EVi at time t by the optimal charging scheme;
Qavg = the average load of the total operating load of the grid in a day when EVs are

charged according to the optimal charging scheme.

2.2.3. Constraint Condition

(1) Charging power constraint

Pi
rated,d ≤ pi

t ≤ Pi
rated,c (11)

(2) Charging time constraint

ti
in ≤ t ≤ ti

out (12)

(3) SOC lower bound at the off-grid time

SOCmin +
diwi

Ci ≤ SOCi
out ≤ 100% (13)

where
di = estimated mileage for the next trip;
w i = power consumption per kilometer.

(4) During the charging process, the constraints are (6) and (7).

2.3. Common Constraints in Optimization
2.3.1. Renewable Energy Generation

Renewable energy includes photovoltaic, wind power, etc. Photovoltaic power plants
are scattered, and their output power characteristics are determined by the characteristics
of light resources and power generation equipment. Influenced by weather and seasonal
factors, the output power of photovoltaic power generation is regular, intermittent, and fluc-
tuating. The output power model of photovoltaic power generation can be approximated
as follows [48]:

Ppv(t) = PSTC
G(t)
GSTC

[1 + k(T(t)− TSTC)] (14)
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where
PSTC = the maximum output power under standard test conditions;
GSTC = the illumination intensity under standard test;
G(t) = the light intensity at the time of the test;
T(t) = the surface temperature at the time of the test.
Wind speed changes with season and day and night, which makes the wind power

output present certain randomness and periodicity. When the wind turbine is running,
only when the wind speed is greater than the inlet wind speed and less than the outlet
wind speed, the wind turbine can generate electricity normally. When the wind speed
is too low, the fan will not work. When the wind speed is too high, the fan will stop to
prevent damage to the internal components. The relationship between its output power
and wind speed is as follows:

Pwt =


0 v < vin
v−vin
vr−vin

pr vin < v < vr

pr vr < v < vout

0 vout < v

(15)

where vin, vout, and vr are the inlet wind speed, cutting wind speed, and rated wind speed
of the fan, respectively, and pr is the rated output power.

2.3.2. Spatial Transition Probability

The time interval between each grid-connected charging and the next trip will directly
affect the flexibility of charging optimization. Spatial transition probability refers to the
probability of a car traveling from a destination Dm to the next destination Dm+1 in a specific
period of time. The spatial transition probability can be written as follows [48]:

P(Dm → Dm+1) = P(Dm+1 | Dm) (16)

The spatial transition probability can be transformed into a three-dimensional matrix
M × N × N, where M is the number of discretized time intervals and N is the number
of destination types. When the time interval is determined, the spatial transformation
probability matrix becomes a two-dimensional matrix, as follows [48]:

Pti =

 pti ,D1,D1 · · · pti ,D1,DN
...

. . .
...

pti ,DN ,D1 · · · pti ,DN ,DN

 (17)

where Pti,Di,Dj is the probability of driving from the current location Di to the next destina-
tion Dj during time interval ti. The sum of the probabilities in the same column is 1. The
diagonal probabilities are not necessarily 0, indicating some round trips.

2.3.3. Node Voltage

To ensure the safe operation of the power grid, the node voltage constraint of the
line and the load constraint of the distribution transformer should be satisfied during the
charging and discharging process of EVs.

Ui,min ≤ Ui,t ≤ Ui,max (18)

N

∑
i=1

Pi,t ≤ αST (19)

where Ui,min, Ui,max are the upper and lower limits of voltage operation of node I, respec-
tively, and α and ST are the efficiency and rated capacity of the transformer, respectively.
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2.4. Common Problems and Methods in Optimization

With the introduction of large-scale EVs into the grid, simple EV responses have been
unable to achieve the expected peaking and valley-filling effect, and may even form new
peaks. Therefore, to reduce the possibility of a peak value caused by large-scale EV entry
into the grid, it is necessary to optimize the scheduling of a reasonable EV response.

Current research focuses on tracking day-ahead scheduling [49–51], reducing load
curve variance [52–61], improving wind power consumption [62,63], etc. Robust optimiza-
tion, sparrow search algorithm, and moth fire-extinguishing algorithms are adopted to
solve the problem, The specific Optimization Objective and Optimization Method is shown
in Table 1.

Table 1. Summary of EV response optimization.

Optimization Objective Optimization Method Reference

Solve the effect of wind
random output

Stochastic programming, robust optimization, enhanced-interval linear
programming, and distributed robust optimization are introduced to deal
with the uncertainty problem.

[49–51]

Reduce the variance of the
load curve

Coupled Monte Carlo simulation and multi-objective modified Sparrow
search algorithm were used to solve the multi-scenario and multi-objective
optimal scheduling model.

[52–55]

Alleviate the peak phenomenon
caused by EV

Based on the response motion theory and random probability algorithm, a
cooperative EV charging scheduling strategy is proposed. [56–59]

Minimize the active power loss and
total voltage amplitude deviation of
the grid

The optimal dispatching interval optimization model of EVs considering the
uncertainty of renewable energy generation and the load was established,
and the optimal interval optimization method was used to determine the
optimal interval EV power of the previous day.

[60,61]

Increase consumption of
new energy

The multi-objective function was transformed into a linear weighted single
objective function using the Max min method and analytic hierarchy process,
and the improved moth extinguishing algorithm was used to solve
the problem.

[62,63]

3. EVs Participating in the Grid Regulation Framework
3.1. Positioning of Each Subject in the Regulation Framework

(1) EV users

EV users are important participants in V2G. Power grids can improve the enthusiasm
of users through a price mechanism, contract mechanism, and incentive mechanism [64].
EV users are encouraged to participate in the regulation of power system independently,
which can provide certain economic benefits for users while reducing the load of the power
grid [65].

(2) Load aggregators

The individual capacity of EVs is too small to participate in power exchange indepen-
dently. Therefore, it is necessary to introduce load aggregators to aggregate EVs so that they
can reach the capacity threshold in order to participate in power exchange. Load aggre-
gators usually optimize the charging behavior of EVs to meet the travel demand of users,
thus reducing the peak−valley difference. In [66], based on EV’s orderly charge−discharge
and carbon emission limitations, load aggregators are introduced as energy managers to
purchase and dispatch energy, which improves the flexibility of energy consumption in the
community. In the optimal power dispatching strategy proposed in [67], a load aggregator
is introduced as the dispatching center to improve the economy and security of energy use.

(3) Power grid

A power grid connects power plants, substations, and loads to form a national or
regional power system for unified management and commands [68]. In the framework, the
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grid is responsible for transmitting price information, compensation information, current
load conditions to load aggregators, and electricity to power users.

3.2. The Interactive Hierarchical Relationship among Different Subjects

The interaction between EV users, load aggregators, and the grid is shown in Figure 4.
The power grid transmits the price information and the compensation information to the
load aggregator. According to the travel demand and participation willingness of EV users,
the load aggregator enables EV users to adjust their charging behavior through incentives
such as the time-of-use electricity price. In this way, it can assist the power grid in reducing
the peak−valley difference. The load aggregator uploads relevant information such as
power consumption characteristics and load curves in the process of regulation to the
power grid. After the adjustment is completed, a transaction settlement is carried out with
the EV users and charging stations.
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Figure 4. Multi-subject interaction framework.

4. EVs in Electricity Market Operation

V2G is jointly promoted by the government and the power grid, so V2G has strong
investors, and with the gradual increase in the number of EVs, it has large customer
resources. V2G has high requirements for the response rate, so it has advanced coordination
control technology, communication technology, and associated equipment. The above
attributes support the operation of V2G. In the V2G model, the load aggregator participates
in the ancillary market transactions of the electricity market and the ancillary service market.
Within the load aggregator, the load aggregator encourages EV users through time-of-use
electricity price or dynamic electricity price, so that EV users can participate in ancillary
services, demand response, and green power trading independently, the V2G business
canvas is shown in Figure 5.
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The key services of V2G are divided into basic services, extended services, and value-
added services. The basic business of V2G is to sell electricity on behalf of the power grid
and power users. When an EV needs to be recharged, it buys power from the grid, and
when the EV has surplus power, it sells it to the grid. In addition, V2G can also assist in
clean energy consumption and control the charging of EVs at night when wind power
generation is redundant.

V2G enables multi-subject coexistence and mutual benefits. Traditional thermal power
generation can ensure the controllability of the power generation side of the grid, but with a
great amount of wind power and photovoltaic access to the grid, the power generation side
of the grid becomes unstable. The power grid can only meet the load demand by increasing
the size of the power grid or reducing the peak load. V2G can reduce the investment cost
of the power grid by reducing the peak load. Load aggregators can obtain management
fees and service fees by responding to grid commands, EVs can obtain demand response
subsidies, and charging in valley time can reduce charging costs through time-of-use
price (TOU).

4.1. Demand Response

Demand response means that when the load rises (falls) sharply or the generation
side fluctuates, EV users temporarily change their electricity consumption behavior and
reduce (increase) electricity consumption after receiving electricity prices or incentives.
The purpose of demand response is to promote the balance of power supply and demand,
ensure the stable operation of the power grid, and restrain the short-term behavior of
electricity price increases [69].

The operating subject of the EV demand response is the load aggregator, and the
participants are EV users, photovoltaic power stations, and buildings inside the load
aggregator. According to the operation requirements of the power grid and its own
situation, the load aggregator integrates internal resources and participates in demand
response transactions to optimize energy efficiency [70]. EV participates in the demand
response type is shown in Table 2.
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Table 2. EV participates in the demand response type.

Types of Demand Response Response Mode Features

Price Response
Time-of-use electricity price Uncertainty is strong and new load peaks may form.

Real-time electricity price Easy to cause user response fatigue, the formation of
a new load peak.

Incentive response Sign a contract or agreement Better timeliness and stability.

(1) Price response

The price response includes time-of-use price (peak−valley price mechanism), real-
time price (price change per hour or less), etc. Users can actively change their electricity
consumption behavior according to the change in real-time electricity price [71]. The
decision-making power of the price response is the user, and it is difficult to guarantee
the speed and quantity of the EV response. Price response is suitable for businesses with
long regulation time scales and great EV response participation, such as peak shaving and
reactive power regulation.

(2) Incentive response

The incentive response is to directly use incentives and compensation to induce users
to change their charging behavior and reduce the load of the power grid [72]. For example,
when the grid requires load reduction, users can adjust or reduce their electricity consump-
tion. After changing the charging behavior, users will receive discounts or subsidies on
electricity charges. In other words, the grid pays customers to reduce their load over time.

(3) Day-ahead response

Day-ahead response is divided into one day before demand response execution (day-
ahead response) and several hours before demand response execution (hour-level re-
sponse) [73]. The power grid sends response invitations to participants through platform
announcements, short messages, and telephone calls. The content includes response scope,
demand, cycle, invitation deadline, etc. Before the invitation deadline, the participants
feedback the information through the platform, and the power grid determines the partici-
pants and the response quantity according to the principle of “giving priority to the users
with early response time and giving priority to the users with large response quantity”.
The user completes the load adjustment by themself during the response period [74].

(4) Real-time response

The real-time response is divided into two categories. In the first category, 30 min be-
fore the execution of demand response (minute-level response), the grid issues adjustment
instructions to participants through the platform [75]. The scheduling information includes
information such as response range, demand, and time. The platform automatically com-
pletes the confirmation of the response capability. In the second category, one minute
before execution (second-level response), the provincial platform directly sends control
instructions to the participants. The equipment involved in real-time demand response
will have the characteristics of rapid interruption or remote interruption. Participants use
demand response terminals to link with their own power energy efficiency monitoring
system [76].

In this way, participants can automatically complete the load adjustment within 30 min.
For the secondary response, the provincial power company automatically completes the
load control of the participants through the provincial platform.

4.2. Ancillary Services

Ancillary services refer to the services provided by power sources, loads, and storage
to maintain the safe and stable operation of the power system. The main contents of
EVs participating in grid ancillary services include frequency modulation, reactive power
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compensation, peak shaving, and reserve. The process of EVs participating in ancillary
services is as follows. After determining the ancillary services that EVs need to provide,
the dispatching center first defines the response mechanism and control strategy of EVs.
Secondly, according to the type of ancillary services, the control strategy of the grid layer
is selected to generate the corresponding control signal. Finally, it is sent to the load
aggregator for control and implementation [77].

Taking frequency modulation as an example, as shown in Figure 6, the load aggregator
sends power instructions and power adjustment instructions to the charging pile operator
or private charging pile, and the charging pile operator or private charging pile feeds
back the response feedback and vehicle information such as the battery charging state,
whether to receive regulation or not, and travel plan to the load aggregator. The load
aggregator feeds back the adjustable capacity, benchmark load quantity quotation, and
response results calculated by the relevant functional modules to the market, and the market
sends the checked results, electricity price information, V2G control instructions, power
control instructions, and settlement information to the load aggregator. The market sends
the clearance result to the grid before the safety check, and the grid sends the electricity
demand, auxiliary service demand, and the clearance result to the market after the check,
EV participation auxiliary service type is shown in Table 3.
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Table 3. EV participation auxiliary service type.

EV Participation Auxiliary
Service Type Concrete Type Compensation Mode

Active balancing service
Frequency modulation Fixed compensation, market mode (centralized

bidding, public bidding/listing/auction,
bilateral negotiation).

Peak regulation
Backup power supply

Reactive power balancing service Reactive power compensation
Fixed compensation, market mode (centralized

bidding, public bidding/listing/auction,
bilateral negotiation).

4.3. Green Electricity Trading

In addition to the types of transactions mentioned above, EVs can also participate in
green electricity trading. By researching the charging and discharging information of EVs,
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a cooperative wind abandonment agreement can be reached with wind farms [78]. The
business model’s participants include EV users, aggregators, and wind farms. The three
main objectives of the model are as follows, with each subject benefiting from its interests.
(1) For EV users, they can charge at a lower price by participating in the charging and
discharging schedule of the aggregator, while ensuring their own charging needs. If EV
users do not participate in the charging and discharging schedule, they can charge at the
normal price. (2) For aggregators, they can maximize the profits of the aggregators. (3) For
the wind farm, they can cooperate with the aggregator to increase the on-grid electricity
and share the power generation income with the aggregator.

Similarly, EVs can also participate in absorbing surplus photovoltaic energy. As
photovoltaic power generation advances, solar radiation is strongest at noon. However,
the power demand may not be enough to match the photovoltaic power generation. To
address this, the charging time of EVs can be adjusted through incentive means, so that
its charging behavior and photovoltaic power generation curve match, resulting in the
consumption of excess photovoltaic energy.

4.4. V2G Benefit Analysis
4.4.1. Grid Benefits

(1) Reduction in peak load [79]. When the power load is at its peak, the power grid
needs to dispatch the generating units at a high cost through the dispatching center to
participate in the generation. If the power generation side has reached the limit and cannot
supply power continuously, there may be power rationing and regional rolling blackouts,
which could even lead to the collapse of the power system, thus causing social, economic,
and industrial losses. The peak load can be reduced by starting the demand response
at the peak time and guiding the non-emergency EV users to change their charging and
discharging behavior through pricing or incentives.

(2) Improve power system reliability [80]. The stability of the power system is mea-
sured by the frequency and time of the power supply failures. Leading EV users to
participate in the demand response can reduce the peak of the load curve, reduce the
frequency of power supply failures, and thus improve the reliability of the power system.

(3) Reduce the pressure to expand the power grid scale [81]. As the electricity demand
continues to rise, the pressure on the grid to build new power plants and transmission lines
is also increasing. Demand response can alleviate the pressure of insufficient capacity of
the power system.

4.4.2. Load Aggregator Benefits

(1) The cost of services to support the operation of the grid [82]. In the process of
demand response, load aggregators sign contracts with the power grid and users indi-
vidually to obtain demand response compensation from the power grid. When EV users
participate in the demand response, they provide EV users certain response compensation.
The amounts of the two are different, and the load aggregator benefits from it.

(2) Management fees paid by the user [83]. EV users need to participate in the demand
response through the load aggregator to obtain compensation fees. Therefore, during the
implementation of the demand response, EV users need to pay the management fees to the
load aggregator.

4.4.3. User Benefit

(1) Compensation costs for participating in the response [84]. EV users can obtain
certain compensation expenses for participating in the demand response.

(2) Reduce the cost of electricity [85]. In the implementation process of demand
response, EV users are required to suspend the charging behavior at the peak of electricity
consumption and charge when the electricity load is low, and the electricity price at the
valley value is lower than the peak value. Therefore, EV users’ participation in the demand
response can reduce the electricity cost of EV users.
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5. Conclusions and Prospect

This paper focuses on the subjects involved in EV and V2G. In this paper, the common
models of EVs are analyzed, and the current spatio-temporal distribution models of EVs
are introduced. The common optimization objectives and optimization methods of EVs
are summarized. In V2G mode, the load aggregator controls the EVs to discharge when
the load curve of the power grid approaches the peak value and to charge when the
load curve of the power grid approaches the valley value. V2G can effectively reduce
the peak−valley difference of the power grid. This paper also reviews the framework
and business model of V2G, including demand response, ancillary services, green power
trading, and other models. Load aggregators use differentiated price signals and incentive
mechanisms to guide EVs to participate in grid dispatching. This paper summarizes the
ways EVs participate in the power grid from many aspects. Although the frequent charging
and discharging process in V2G mode may affect the battery life of EVs and shorten their
service life, it is more economical for EV owners and the grid. In V2G mode, the power
grid can balance the difference between the peak and valley. Load aggregators can obtain
corresponding subsidies in the process of dispatching. Because of the time-of-use electricity
price, EVs participating in V2G can be charged at a lower price to reduce the charging cost,
and, at the same time, they can obtain subsidies to participate in demand response.

Although the V2G model is very promising, there are still some problems to be solved.
(1) Impact on battery life. Frequent charging and discharging will affect the battery

life, which will affect the willingness of EV users to participate in V2G. Therefore, future
research needs to conduct more in-depth research on battery protection, including battery
safety boundary, optimization of charging and discharging strategies, battery material
optimization, and so on.

(2) Unstable income. The income of EVs will be affected by the demand of the power
grid and electricity price, so it is necessary to study how to formulate a stable electricity
price policy and establish a reliable market mechanism.

(3) Affect user travel. In V2G mode, the charging and discharging behavior of EVs
is controlled by the load aggregator. This may affect users’ travel. It is necessary to study
and optimize the charging strategy and to improve the power of charging and discharging
equipment.

(4) Safety risk. In V2G mode, there are electricity and information interactions between
EVs and the power grid, and there may be security risks such as information leakage and
power grid failure.

In summary, V2G still faces some problems in practical applications, including the
impact of battery life, unstable income, the impact of user travel, and security risks. Further
research and analysis are needed in future studies.

Funding: This research and the APC were funded by [the National Key Research and Development
Project] grant number [2022YFB2403000].

Data Availability Statement: This paper is a review article, which aims to analyze the current
research status of V2G, and does not create new data. The related data in this paper can be found
in References.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Abubakr, H.; Lashab, A.; Vasquez, J.C.; Mohamed, T.H.; Guerrero, J.M. Novel V2G regulation scheme using Dual-PSS for PV

islanded microgrid. Appl. Energy 2023, 340, 121012. [CrossRef]
2. Kumar, P.; Singh, R.K.; Paul, J.; Sinha, O. Analyzing challenges for the sustainable supply chain of electric vehicle batteries using

a hybrid approach of Delphi and Best-Worst Method. Resour. Conserv. Recycl. 2021, 175, 105879. [CrossRef]
3. Balu, K.; Mukherjee, V. Optimal allocation of electric vehicle charging stations and renewable distributed generation with battery

energy storage in radial distribution system considering time sequence characteristics of generation and load demand. J. Energy
Storage 2023, 59, 106533. [CrossRef]

https://doi.org/10.1016/j.apenergy.2023.121012
https://doi.org/10.1016/j.resconrec.2021.105879
https://doi.org/10.1016/j.est.2022.106533


Energies 2023, 16, 6151 16 of 18

4. Liu, S.; Cao, Y.; Ni, Q.; Xu, L.; Zhu, Y.; Zhang, X. Towards reservation-based E-mobility service via hybrid of V2V and G2V
charging modes. Energy 2023, 268, 126737. [CrossRef]

5. Philip, T.; Whitehead, J.; Prato, C.G. Adoption of electric vehicles in a laggard, car-dependent nation: Investigating the potential
influence of V2G and broader energy benefits on adoption. Transp. Res. Part A 2023, 167, 103555. [CrossRef]

6. Makeen, P.; Ghali, H.A.; Memon, S.; Duan, F. Insightful Electric Vehicle Utility Grid Aggregator Methodology Based on the G2V
and V2G Technologies in Egypt. Sustainability 2023, 15, 1283. [CrossRef]

7. Mahela, O.P.; Khan, B. Development of Vehicle-to-Grid System to Regulate the System Parameters of Microgrid. Energy Eng.
2022, 119, 1261–1298. [CrossRef]

8. Hao, X.; Chen, Y.; Wang, H.; Wang, H.; Meng, Y.; Gu, Q. A V2G-oriented reinforcement learning framework and empirical study
for heterogeneous electric vehicle charging management. Sustain. Cities Soc. 2023, 89, 104345. [CrossRef]

9. Sharma, S.; Jain, P. Risk-averse integrated DR and dynamic V2G scheduling of parking lot operator for enhanced market efficiency.
Energy 2023, 275, 127428. [CrossRef]

10. Zhong, Z.Y.; Xin, Y.D. Optimal energy management in smart buildings with electric vehicles based on economic and risk aspects
using developed whale optimization algorithm. J. Clean. Prod. 2023, 415, 137710.

11. Lida, H.; Yu, C. Enhancing dynamic energy network management using a multiagent cloud-fog structure. Renew. Sustain. Energy
Rev. 2022, 162, 112439.

12. Adhikary, S.; Biswas, P.K.; Sain, C.; Thanikanti, S.B.; Nwulu, N.I. Bidirectional converter based on G2V and V2G operation with
time of usage-based tariff analysis and monitoring of charging parameters using IoT. Energy Rep. 2023, 9, 5404–5419. [CrossRef]

13. Li, J.; Li, Y.; Liu, H.; Lyu, C.; Yang, H.; Ma, S. Research on application technology of lithium battery assessment technology in
energy storage system. Energy Rep. 2023, 9, 1003–1013. [CrossRef]

14. Chen, J.; Rong, L.; Liu, X.; Liu, J.; Yang, X.; Jiang, X. Enhancement of flame retardancy of solid polymer electrolyte based on
phosphorus-containing ionic liquid polyurethane membrane for safe lithium batteries. Polymer 2023, 269, 125759. [CrossRef]

15. Mishra, G.K.; Gautam, M.; Bhawana, K.; Chakrabarty, N.; Mitra, S. Germanium-Free Dense Lithium Superionic Conductor and
Interface Re-Engineering for All-Solid-State Lithium Batteries against High-Voltage Cathode. ACS Appl. Mater. Interfaces 2023, 15,
10629–10641. [CrossRef] [PubMed]

16. Xia, H.Y.; Wang, Y.K.; Fu, Z.W. Growing cuprite nanoparticles on copper current collector toward uniform Li deposition for
anode-free lithium batteries. Appl. Surf. Sci. 2023, 617, 156529. [CrossRef]

17. Yin, S.; Huang, Y.; Han, J.; Wang, Y.; Xu, Y.; Seidi, F.; Xiao, H. Cellulosic all-solid-state electrolyte for lithium batteries fabricated
via bio-synthetic avenue. Compos. Part B 2023, 254, 110566. [CrossRef]

18. Rikka, V.R.; Sahu, S.R.; Chatterjee, A.; Prakash, R.; Sundararajan, G.; Gopalan, R. Enhancing cycle life and usable energy density
of fast charging LiFePO4-graphite cell by regulating electrodes’ lithium level. iScience 2022, 25, 104831. [CrossRef]

19. Lakshmi, K.S.; Vedhanarayanan, B. High-Performance Supercapacitors: A Comprehensive Review on Paradigm Shift of Conven-
tional Energy Storage Devices. Batteries 2023, 9, 202. [CrossRef]

20. Song, L.; Zheng, Y.; Xiao, Z.; Wang, C.; Long, T. Review on Thermal Runaway of Lithium-Ion Batteries for Electric Vehicles. J.
Electron. Mater. 2021, 51, 30–46. [CrossRef]

21. Xu, C.; Behrens, P.; Gasper, P.; Smith, K.; Hu, M.; Tukker, A.; Steubing, B. Electric vehicle batteries alone could satisfy short-term
grid storage demand by as early as 2030. Nat. Commun. 2023, 14, 119. [CrossRef]

22. Baqar, A.; Camara, M.B.; Dakyo, B. Supercapacitors Fast Ageing Control in Residential Microgrid Based Photovoltaic/Fuel
Cell/Electric Vehicle Charging Station. Energies 2023, 16, 5084. [CrossRef]

23. Van Binh, T.; Bao, L.L. Building energy management and Electric Vehicle charging considering battery degradation and random
vehicles’ arrivals and departures. J. Energy Storage 2023, 64, 107141.

24. Kaewdornhan, N.; Srithapon, C.; Liemthong, R.; Chatthaworn, R. Real-Time Multi-Home Energy Management with EV Charging
Scheduling Using Multi-Agent Deep Reinforcement Learning Optimization. Energies 2023, 16, 117340. [CrossRef]

25. Luo, Z.; Liu, H.; Zhao, T.; Pan, H.; Su, Y.; Li, H.; Sun, Z. A multi-stage sequential load restoration method for under-frequency
load shedding with participation. Energy Rep. 2023, 9, 95–102. [CrossRef]

26. Hou, Z.; Guo, J.; Li, J.; Hu, J.; Sun, W.; Zhang, Y. Exploration the pathways of connected electric vehicle design: A Vehicle-
Environment cooperation energy management strategy. Energy 2023, 271, 127081. [CrossRef]

27. Razi, F.; Dincer, I. A review of the current state, challenges, opportunities and future directions for implementation of sustainable
electric vehicle infrastructure in Canada. J. Energy Storage 2022, 56, 106048. [CrossRef]

28. Tao, Y.; Huang, M.H.; Chen, Y.P.; Yang, L. Review of optimized layout of electric vehicle charging infrastructures. J. Cent. South
Univ. 2021, 28, 3268–3278. [CrossRef]

29. Poyyamani Sunddararaj, S.; Rangarajan, S.S.; Nallusamy, S.; Collins, E.R.; Senjyu, T. A Brief Survey on Important Interconnection
Standards for Photovoltaic Systems and Electric Vehicles. World Electr. Veh. J. 2021, 12, 117. [CrossRef]

30. Savio Abraham, D.; Verma, R.; Kanagaraj, L.; Giri Thulasi Raman, S.R.; Rajamanickam, N.; Chokkalingam, B.; Marimuthu Sekar,
K.; Mihet-Popa, L. Electric Vehicles Charging Stations’ Architectures, Criteria, Power Converters, and Control Strategies in
Microgrids. Electronics 2021, 10, 1895. [CrossRef]

31. Van Mierlo, J.; Berecibar, M.; El Baghdadi, M.; De Cauwer, C.; Messagie, M.; Coosemans, T.; Jacobs, V.A.; Hegazy, O. Beyond the
State of the Art of Electric Vehicles: A Fact-Based Paper of the Current and Prospective Electric Vehicle Technologies. World Electr.
Veh. J. 2021, 12, 20. [CrossRef]

https://doi.org/10.1016/j.energy.2023.126737
https://doi.org/10.1016/j.tra.2022.11.015
https://doi.org/10.3390/su15021283
https://doi.org/10.32604/ee.2022.018913
https://doi.org/10.1016/j.scs.2022.104345
https://doi.org/10.1016/j.energy.2023.127428
https://doi.org/10.1016/j.egyr.2023.04.358
https://doi.org/10.1016/j.egyr.2023.05.088
https://doi.org/10.1016/j.polymer.2023.125759
https://doi.org/10.1021/acsami.2c20193
https://www.ncbi.nlm.nih.gov/pubmed/36800497
https://doi.org/10.1016/j.apsusc.2023.156529
https://doi.org/10.1016/j.compositesb.2023.110566
https://doi.org/10.1016/j.isci.2022.104831
https://doi.org/10.3390/batteries9040202
https://doi.org/10.1007/s11664-021-09281-0
https://doi.org/10.1038/s41467-022-35393-0
https://doi.org/10.3390/en16135084
https://doi.org/10.3390/en16052357
https://doi.org/10.1016/j.egyr.2023.04.100
https://doi.org/10.1016/j.energy.2023.127081
https://doi.org/10.1016/j.est.2022.106048
https://doi.org/10.1007/s11771-021-4842-3
https://doi.org/10.3390/wevj12030117
https://doi.org/10.3390/electronics10161895
https://doi.org/10.3390/wevj12010020


Energies 2023, 16, 6151 17 of 18
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