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A B S T R A C T

An electric vehicle (EV) parking lot model with distributed energy resources, addressing challenges such as
market volatility, renewable energy variability, and unpredictable EV behavior, is presented in this paper. The
model integrates renewable energy sources with vehicle-to-grid (V2G) functionalities and uses a long short-term
memory network to forecast uncertainties like Frequency Control Ancillary Service (FCAS) and spot market
prices, solar irradiance, and wind speed. To optimize limited bi-directional chargers, an EV allocation method
is introduced, and the Monte Carlo method is employed to simulate diverse EV user behaviors. Additionally,
a refined information gap decision theory-based method is developed to determine optimal V2G incentives,
enhancing profitability for the parking lot and reducing costs for EV owners. Validation through comparisons
with alternative incentive scenarios shows that participation in both FCAS and spot markets yields the highest
profitability, with profit increases ranging from 91.67% to 125.45% compared to fixed incentives of $0 or
$0.1.
1. Introduction

The penetration of electric vehicles (EVs) globally is increasing
rapidly, driven by the need for mitigating climate change and reducing
greenhouse gas emissions. With this trend, EV parking lots and charging
stations are seen as potential assets to the power grid by providing
Vehicle-to-Grid (V2G) capabilities, utilizing the energy stored in EV
batteries.

Emerging markets that leverage EVs to support the power grid,
especially in services maintaining grid frequency stability, demonstrate
considerable potential. The study in [1] examines these support ser-
vices, classifying them and highlighting the critical role of EV charging
stations. They point out the capabilities of advanced chargers that can
schedule and adjust charging, which are vital for providing these grid
services. Their research provides a clear picture of how EV charging
infrastructure can be used by grid operators. The study in [2] proposes
a new method for managing the charging and discharging of EVs that
considers the preferences of EV owners, allowing for energy sharing
between EVs and enabling EVs to support the grid. This method not
only aims to reduce charging costs for EV owners but also helps with
efficient operation of the power grid. The focus on the EV owner’s
needs and the practical application of the method are significant, as
they show how EVs can realistically be part of the energy market. These
studies extend previous research in [3,4], which looked into optimizing
home energy resources, like solar panels and batteries, and the strategic
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sharing of battery storage in energy and grid support markets. The
first study uses a method to ensure that the energy resources meet the
grid’s rules, while the second presents a sharing strategy that aims to
increase profits for battery companies and reduce costs for customers.
Furthermore, the research in [5] suggests a strategy for a power plant
that combines solar energy and battery storage, including a way to split
profits that takes into account the lifespan of the batteries. This strategy
is designed to increase profits while also keeping the storage systems
in good condition for as long as possible. However, while these studies
collectively underscore the transformative potential of EVs and battery
storage in Frequency Control Ancillary Service (FCAS) markets, they do
not provide a comprehensive model that encompasses the full scope of
V2G interactions, particularly the incentives for EV owners and their
willingness to participate in V2G or discharging activities.

Despite this progress, a significant research gap remains: most ex-
isting studies focus on the technical feasibility and economic benefits
of V2G services, while overlooking the crucial factor of EV owners’
willingness to participate. The lack of insights into EV owners’ moti-
vations and the optimal V2G incentives to encourage participation is a
key barrier to the widespread implementation of V2G technology. This
paper addresses this gap by examining the willingness of EV owners to
participate in V2G, particularly in the context of EV parking lots, where
incentives play a pivotal role in driving participation.
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Nomenclature

𝜂𝐸 𝑆 𝑆𝑐 ℎ ESS charging efficiency
𝜂𝐸 𝑉𝑐 ℎ EV charging efficiency
𝜂𝐸 𝑆 𝑆𝑑 𝑖𝑠 ESS discharging efficiency
𝜂𝐸 𝑉𝑑 𝑖𝑠 EV discharging efficiency
𝜆𝑐 ,𝑚𝑎𝑥 Price upper bound
𝜆𝑐 ,𝑚𝑖𝑛 Price lower bound
𝜆1,𝑡 Electricity feed-in price at time 𝑡
𝜆2,𝑡 Electricity purchase price at time 𝑡
𝜆3 V2G incentive rate
𝜆𝑐𝑖 Charging price for the 𝑖th EV
𝜆𝑝𝑣 Operating cost coefficient of PV panels
𝜆𝑤 Operating cost coefficient of wind turbine
𝜇𝑖,𝑡 Binary variable of EV charging/discharging

status
𝜑𝑖 Binary variable of EV parking status
𝑎𝑡 Binary variable of ESS charging/discharging

status
𝑏𝑡 Binary variable of grid export/import sta-

tus
𝑐𝑡 Binary variable of FCAS raise/lower market

participation status
𝑒𝐸 𝑆 𝑆 Square root of the roundtrip efficiency of

the battery
𝐸𝑑 𝑒,𝑚𝑎𝑥
𝑖 Maximum required energy of EV

𝐸𝑑 𝑒
𝑖 Demand energy of EV

𝐸𝐸 𝑆 𝑆
0 Initial energy of ESS

𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥 Upper bounds of the EV energy

𝐸𝐸 𝑉
𝑖,𝑚𝑖𝑛 Lower bounds of the EV energy

𝐸𝐸 𝑉
𝑖,𝑡 Energy of 𝑖th EV at time 𝑡

𝐸𝐸 𝑆 𝑆
𝑚𝑎𝑥 Upper bounds of the ESS energy

𝐸𝐸 𝑆 𝑆
𝑚𝑖𝑛 Lower bounds of the ESS energy

𝑒𝑝𝑣 PV panel efficiency
𝐸𝐸 𝑆 𝑆−
𝑡 ESS discharged energy at time 𝑡

𝐸𝐸 𝑆 𝑆
𝑡 ESS energy at time 𝑇

𝐸𝐸 𝑆 𝑆
𝑡 Energy of ESS at time 𝑡

𝑖 Index of EV
𝐿 Battery lifetime throughput
𝑁 Total number of EVs
𝑃𝐸 𝑉 +
𝑖,𝑚𝑎𝑥 Maximum EV charging power.

𝑃𝐸 𝑉 −
𝑖,𝑚𝑎𝑥 Maximum EV discharging power.

𝑃𝐸 𝑉 +
𝑖,𝑡 EV charging power at time 𝑡

𝑃𝐸 𝑉 −
𝑖,𝑡 EV discharging power at time 𝑡

𝑃𝐸 𝑆 𝑆+
𝑚𝑎𝑥 Maximum ESS charging power

𝑃𝐸 𝑆 𝑆−
𝑚𝑎𝑥 Maximum ESS discharging power

𝑃𝐸 𝑆 𝑆+
𝑡 ESS charging power

𝑃𝐸 𝑆 𝑆−
𝑡 ESS discharging power

𝑃 𝐹 𝑒𝑒𝑑−𝑖𝑛
𝑡 Grid feed-in power at time 𝑡

𝑃𝐺 𝑟𝑖𝑑
𝑡 Grid import power at time 𝑡

𝑅 Battery purchase cost

The integration of EVs into the grid through V2G services is a
ritical area of research, with studies exploring various dimensions
f this integration. While V2G technology holds significant potential
n FCAS markets, it has yet to be widely implemented thus far. One
eason is the lack of knowledge about V2G technology [6], but an

even more critical barrier is the concern that V2G may accelerate
the degradation of EV batteries. Hence, it is necessary to study EV
 o

2 
𝑟𝑡 Solar radiation at time 𝑡
𝑠𝑝𝑣 Surface area of PV panels
𝑇 Simulation time
𝑡 Index of time step
𝑡𝑎,𝑖 EV’s arrival time
𝑡𝑑 ,𝑖 EV’s departure time
𝑉𝑐 𝑖 Cut-in wind speed
𝑉𝑐 𝑜 Cut-out wind speed
𝑉𝑟 Rated wind speed
𝑣𝑡 Wind speed at time 𝑡
𝑃𝑟 Rated power output of wind turbine
𝑃 𝑃 𝑉
𝑡 Power generated by the PV panel at time 𝑡

𝑃𝑊
𝑡 Power generated by the wind turbine at

time 𝑡

owners’ willingness to participate in V2G. The research in [7] delves
into the optimization of energy resources for prosumers, including EVs,
highlighting the economic benefits of market participation, yet without
a specific focus on the V2G participation willingness of EV owners. The
study in [8] proposes cost-minimizing V2G models that consider EV
driving patterns and real-time pricing, indirectly touching upon user
behavior but not explicitly addressing the willingness to participate in

2G services. The study [9] quantifies the impact of V2G on battery
degradation, providing valuable insights into the technical feasibility
of V2G services, while Ref. [10] discusses optimized bidirectional
V2G operation strategies, suggesting potential cost reductions for EV
wnership through grid service participation. The research in [11] also

presents a strategy for optimal EV charging/discharging within a DC
Microgrid, focusing on technical efficiency and battery preservation
in V2G services. Collectively, these studies contribute to the body of
knowledge on V2G integration but also highlight a significant research
gap: the absence of a detailed examination of EV owners’ willingness
to participate in V2G and discharging activities, a factor critical to the
practical implementation of V2G services.

Therefore, the primary goal of this study is to investigate the will-
ingness of EV owners to participate in V2G services and to determine
the optimal incentives that balance participation against the profitabil-
ity of EV parking lots. In this article, we will investigate the willingness
of EV owners to participate in V2G services. We will approach this
issue from the perspective of EV parking lots, where V2G incentives
are employed to encourage discharging, as discussed in our previous
study [12]. Balancing incentives is critical; while lower incentives
may reduce costs for EV parking lots, they could also discourage V2G
participation. On the other hand, higher incentives may encourage
more EVs to engage in V2G, but at the expense of the parking lot’s
profit. Assuming that V2G willingness can be represented by the energy
that EV owners are willing to discharge, zero incentives would result
in no desire. The challenge lies in finding the optimal V2G incentives
that not only benefit EV owners by offsetting their charging fees or
generating profit, but also motivate V2G participation and ensure park-
ing lot profitability. Existing studies, such as [13], explore the impact
f fluctuating charging costs and discharging incentives on EVs par-
icipating in V2G, while the study in [14] introduces an EV economic

dispatch optimization model designed to reduce regional V2G system
operating costs. Although both studies propose strategies for optimizing
charging and discharging processes and scheduling approaches, neither
specifically addresses the challenge of determining the optimal V2G
ncentive.

By addressing this gap, this research aims to develop a robust V2G
ncentive framework that considers both EV owner behavior and park-
ng lot profitability. The novelty of our approach lies in the integration
f a decision-making model based on Information Gap Decision Theory
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(IGDT), which not only manages the uncertainties inherent in energy
arkets but also offers a strategic method for incentivizing EV owners

o participate in V2G services.
To bridge this gap, we propose an IGDT-based method, which has

been extensively discussed in [15–19]. The study in [15] has been in-
trumental in this progress, offering a sophisticated energy procurement
odel that allows large consumers to navigate the volatile landscape

f energy prices with greater confidence. Their model leverages IGDT
o provide a robust framework that accounts for the unpredictable
ature of energy markets, enabling consumers to make informed de-
isions despite price uncertainties. Building on the concept of robust
nergy management, an innovative two-stage model that harnesses
he potential of EVs as a collective energy storage mechanism within
ntelligent parking lots is introduced in [16]. This model not only
ptimizes the operational efficiency of energy communities but also
nderscores the strategic role that EVs play in balancing supply and
emand in energy systems. The research in [17] expands the scope of
obust scheduling to encompass renewable energy hubs, addressing the
hallenge of integrating diverse energy demands and storage options.
heir model is particularly noteworthy for its comprehensive approach
o managing uncertainties in both energy demands and market prices,
hereby ensuring the resilience of energy hubs in a fluctuating market
nvironment. In the context of virtual power plants, a bilevel decision-
aking framework that is designed to optimize participation in both
ay-ahead and balancing markets is proposed in [18]. This framework

is distinguished by its incorporation of demand response programs and
financial transmission rights, with IGDT applied to manage the un-
certainties associated with renewable energy production. Additionally,
the study in [19] contributes to the literature with an optimal energy

anagement strategy for multi-energy microgrids. Their strategy is
articularly relevant for microgrids integrated with hydrogen refuel-
ng stations and EV parking lots, employing an IGDT-based approach
o manage the uncertainties in wind and photovoltaic (PV) power
eneration effectively.

In line with these studies, our research introduces a refined IGDT-
ased method tailored specifically for the V2G context. This method

not only provides robustness against uncertainties in energy market
dynamics but also explores the potential opportunities for maximizing
EV owner participation in V2G services. Our model simultaneously
addresses both robust and opportunistic decision-making, a feature that
is currently lacking in existing models.

Despite these significant contributions, the literature reveals a gap
n the simultaneous application of robust and opportunistic decision-
aking within these models. We propose a refined IGDT-based method,

ne that not only provides robustness in the face of uncertainties but
lso harnesses the potential opportunities presented by the dynamic
nergy markets. This method will be explored in depth in Section 2.5.2,

while additional uncertainties such as solar irradiance, wind speed, and
V user behaviors will be examined in Sections 2.5.1 and 2.1.2.

In general, the main features and contributions of this paper are as
ollows:

• We develop a sophisticated EV parking lot model that synergis-
tically incorporates renewable energy sources (RESs) and V2G
functionalities. This model is adept at managing the uncertainties
associated with smart grid operations, such as the volatility of
FCAS and spot market prices, variability in solar irradiance and
wind speed, and the unpredictable patterns of EV user behavior.

• In response to the limited availability of charging infrastruc-
ture, a straightforward EV allocation method is proposed. This
method effectively assigns EVs to available charging stations,
ensuring a simplified yet efficient use of the parking lot’s charging
capabilities.

• A modified IGDT-based method is introduced to determine V2G
incentives optimally. This novel method considers the willingness
of EV owners to participate in V2G services, thereby enhancing
 i

3 
decision-making robustness under uncertain conditions and in-
creasing the appeal for EV owners to contribute to grid support
activities.

The rest of the paper is organized as follows. Section 2 presents the
operation model of the EV parking lot, including uncertainty modeling
and the IGDT-based method. The case study and result discussion are
presented in Section 4, and the conclusions are drawn in Section 5.

2. Problem formulation

The parking lot equipped with bi-directional chargers, PV panels,
wind turbines, and an energy storage system (ESS) is considered. It
is assumed that all EVs in the parking lot intend to charge, and
all EVs connected to the chargers want to charge to the maximum
possible state of charge (SoC), as this simplifies the model by avoid-
ing behavioral variations. Introducing variations in charging behavior
would significantly increase uncertainty and complexity, diverting the
focus from charger availability dynamics. While this assumption may
slightly overestimate energy demand, it ensures the research remains
aligned with the study’s core goal. Additionally, an allocation method
is considered to allocate multiple EVs into the limited available V2G
chargers. As our previous study [12] proposed, depending on each EV’s
parking period and initial SoC, the management system in the charging
station will divide them into V2G and non-V2G groups, with different
charging modes and pricing schemes applied. It is worth noting that
a significant challenge for the broad application of V2G services is
EV battery degradation. Therefore, considering the V2G participation
willingness with incentive price sensitivity, an IGDT-based optimal
decision-making method will determine the V2G incentives, motivating
EV owners to discharge more power through V2G willingly. Regarding
the charging price, the EVs not joining V2G will have a dynamic price
depending on their charging demand, and the V2G-participating EVs
could incur the minimum charging price and receive the monetary
reward. The focus of this article does not include parking fees for EVs.
Consequently, EV parking costs have not been taken into account. The
subsequent sections provide a detailed description of the model.

2.1. System modeling

The system model used in this study aligns with the one we pre-
viously proposed, as outlined in [12]. Thus, we will briefly summarize
its main components and mechanisms here. Please refer to our previous
study for all related definitions. The enhancements to the model also

ill be detailed in the following subsection.

2.1.1. RESs modeling
This study also takes into account wind turbines and PV systems, as

indicated in (1) and (2), respectively.

𝑃𝑊
𝑡 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

0 𝑣𝑡 ≤ 𝑉𝑐 𝑖
𝑃𝑟(𝐴 + 𝐵 ∗ 𝑣𝑡 + 𝐶 ∗ 𝑣2𝑡 ) 𝑉𝑐 𝑖 < 𝑣𝑡 ≤ 𝑉𝑟
𝑃𝑟 𝑉𝑟 < 𝑣𝑡 ≤ 𝑉𝑐 𝑜
0 𝑣𝑡 ≥ 𝑉𝑐 𝑜

(1)

𝑃 𝑃 𝑉
𝑡 = 𝑟𝑡 ∗ 𝑠𝑝𝑣 ∗ 𝑒𝑝𝑣 (2)

2.1.2. EV modeling
In our previous studies [12], we extensively explored the economic

spects of V2G, where we focused on a fixed number of EVs and
elied on practical data to model their behavior. Additionally, only a
ingle market was considered in the previous model, which simplified
he market constraints. To streamline the analysis, we simplified the
nalysis by assuming that all EV owners were willing to participate in

V2G services, without considering individual preferences or variations
n participation.
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Fig. 1. EV allocating.
r

To address these limitations, in this study, we have enhanced our
odel to handle increasingly complex scenarios. Considering the be-
avior of EVs, their arrival/departure times and initial SoC will be
andomly generated by the widely used Monte Carlo method [20,21].

Based on practical cases, EV parking lots with parking spaces and
imited charging spaces are considered. Furthermore, this enhanced
odel now incorporates multiple markets, including FCAS markets,

which adds an additional layer of market constraints and interactions.
Additionally, we now consider the willingness of EV owners to partici-
pate in V2G and determine the optimal incentive structures required to
encourage participation, rather than assuming universal participation.
It is assumed that all EVs entering the parking lot are willing to park
for their full parking period (from arrival to departure time), and will
search for an available charger. If all chargers are occupied, EVs will
wait until a charger becomes available or until departure time. This
assumption avoids the inclusion of complex parking preferences and
unpredictable early departures, which would broaden the scope of the
study and reduce its focus on charger availability. Although this may
lead to slightly higher estimates of charger utilization, it keeps the
research focused on the dynamics of charging infrastructure. The logic
flow chart is shown in Fig. 1. Based on the practical situation in the
parking lot, the EV queuing problem is unrealistic in our case and is
not considered here.

After the EV allocation process, the EV charging and discharging
odels are defined as follows. Eqs. (3)–(4) illustrate the variation in
V energy and ensure that EVs will have their required energy upon

departure. Constraints (5)–(6) are introduced to ensure that charging
4 
and discharging do not occur simultaneously. Throughout the charging
process, the energy state of each EV is kept within a reasonable range
to protect the batteries from overcharging or over-discharging, hence
educing potential battery degradation. Eq. (8) stipulates that both

charging and discharging power will be zero when EVs disconnect.

𝐸𝐸 𝑉
𝑖,𝑡 =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

0, 𝑡 < 𝑡𝑎,𝑖
𝐸ini
𝑖 , 𝑡 = 𝑡𝑎,𝑖

𝐸𝐸 𝑉
𝑖,𝑡−1 +

(

𝜂𝑐 ℎ ∗ 𝑃𝐸 𝑉 +
𝑖,𝑡 − 1

𝜂𝑑 𝑖𝑠
∗ 𝑃𝐸 𝑉 −

𝑖,𝑡

)

▵ 𝑡, 𝑡𝑎,𝑖 < 𝑡 ≤ 𝑡𝑑 ,𝑖
𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥, 𝑡 = 𝑡𝑑 ,𝑖

0 𝑡 > 𝑡𝑑 ,𝑖
(3)

𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥 = 𝐸𝑖𝑛𝑖

𝑖 +
𝑡𝑑 ,𝑖
∑

𝑡=𝑡𝑎,𝑖+1

(

𝜂𝐸 𝑉𝑐 ℎ ∗ 𝑃𝐸 𝑉 +
𝑖,𝑡 − 1

𝜂𝐸 𝑉𝑑 𝑖𝑠
∗ 𝑃𝐸 𝑉 −

𝑖,𝑡

)

▵ 𝑡 (4)

For 𝑡𝑎,𝑖 < 𝑡 ≤ 𝑡𝑑 ,𝑖,
0 ≤ 𝑃𝐸 𝑉 +

𝑖,𝑡 ≤ 𝜇𝑖,𝑡 ∗ 𝑃𝐸 𝑉 +
𝑖,𝑚𝑎𝑥 (5)

0 ≤ 𝑃𝐸 𝑉 −
𝑖,𝑡 ≤

(

1 − 𝜇𝑖,𝑡
)

∗ 𝑃𝐸 𝑉 −
𝑖,𝑚𝑎𝑥 (6)

𝐸𝐸 𝑉
𝑖,𝑚𝑖𝑛 ≤ 𝐸𝐸 𝑉

𝑖,𝑡 ≤ 𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥 (7)

For t otherwise
𝐸 𝑉 + 𝐸 𝑉 −
𝑃𝑖,𝑡 = 𝑃𝑖,𝑡 = 0 (8)
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Eq. (9) outlines the conditions that determine whether an EV can
articipate in V2G services or not. 𝜑𝑖 = 1 indicates that the EV will join
he V2G service, leading to the minimum charging price. Conversely,
or non-V2G EVs where 𝜑𝑖 = 0, the charging price is dynamic, as
resented in (12)[22], and depends on the energy requirements of the
Vs. Eqs. (10) and (11) delineate the energy demand of the non-V2G

group of EVs and their energy state upon disconnection, respectively.
Constraint (13) illustrates the range for the charging price. Eq. (14)
epresents the total profit from these two groups. 𝜆3 is the optimal

V2G incentive provided to EVs, and the method will be explored in
Section 2.5.2.

𝜑𝑖 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

1, (𝑡𝑑 ,𝑖 − 𝑡𝑎,𝑖) >
𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥−𝐸

𝑖𝑛𝑖
𝑖

𝜂𝐸 𝑉𝑐 ℎ ∗𝑃𝐸 𝑉 +
𝑖,𝑚𝑎𝑥

0, (𝑡𝑑 ,𝑖 − 𝑡𝑎,𝑖) ≤
𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥−𝐸

𝑖𝑛𝑖
𝑖

𝜂𝐸 𝑉𝑐 ℎ ∗𝑃𝐸 𝑉 +
𝑖,𝑚𝑎𝑥

(9)

𝐸𝑑 𝑒
𝑖 =

(

𝜂𝐸 𝑉𝑐 ℎ ∗ 𝑃𝐸 𝑉 +
𝑖,𝑚𝑎𝑥

)

∗
(

𝑡𝑑 ,𝑖 − 𝑡𝑎,𝑖
)

(10)

𝐸𝐸 𝑉
𝑖,𝑡𝑑 ,𝑖 = 𝐸𝑖𝑛𝑖

𝑖 + 𝐸𝑑 𝑒
𝑖 (11)

𝐸𝑑 𝑒
𝑖 =

𝐸𝑑 𝑒,𝑚𝑎𝑥
𝑖

𝜆𝑐 ,𝑚𝑎𝑥 − 𝜆𝑐 ,𝑚𝑖𝑛 (𝜆
𝑐 ,𝑚𝑎𝑥 − 𝜆𝑐𝑖 ) (12)

𝜆𝑐 ,𝑚𝑖𝑛 ≤ 𝜆𝑐𝑖 ≤ 𝜆𝑐 ,𝑚𝑎𝑥 (13)

𝑧𝐸 𝑉 =

[ 𝑁
∑

𝑖=1

𝑡𝑑 ,𝑖
∑

𝑡=𝑡𝑎,𝑖

(1 − 𝜑𝑖)(𝑃𝐸 𝑉 +
𝑖,𝑡 ∗ 𝜆𝑐𝑖 ) ▵ 𝑡

]

+
𝑁
∑

𝑖=1
𝜑𝑖

[

(

𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥 − 𝐸𝑖𝑛𝑖

𝑖

)

∗ 𝜆𝑐 ,𝑚𝑖𝑛 −
𝑇
∑

𝑡=1
(𝑃𝐸 𝑉 −

𝑖,𝑡 ∗ 𝜆3) ▵ 𝑡

]

(14)

2.1.3. ESS modeling
Eqs. (15)–(19) describe the ESS model in the EV parking lot system.

The study also accounts for battery degradation costs, calculated by
(20) and (21).

𝐸𝐸 𝑆 𝑆
𝑡 = 𝐸𝐸 𝑆 𝑆

𝑡−1 +

(

𝜂𝐸 𝑆 𝑆𝑐 ℎ ∗ 𝑃𝐸 𝑆 𝑆+
𝑡 − 1

𝜂𝐸 𝑆 𝑆𝑑 𝑖𝑠
∗ 𝑃𝐸 𝑆 𝑆−

𝑡

)

▵ 𝑡 (15)

𝐸𝐸 𝑆 𝑆
𝑇 = 𝐸𝐸 𝑆 𝑆

0 (16)

𝐸𝐸 𝑆 𝑆
𝑚𝑖𝑛 ≤ 𝐸𝐸 𝑆 𝑆

𝑡 ≤ 𝐸𝐸 𝑆 𝑆
𝑚𝑎𝑥 (17)

0 ≤ 𝑃𝐸 𝑆 𝑆+
𝑡 ≤ 𝑎𝑡 ∗ 𝑃𝐸 𝑆 𝑆+

𝑚𝑎𝑥 (18)

0 ≤ 𝑃𝐸 𝑆 𝑆−
𝑡 ≤ (1 − 𝑎𝑡) ∗ 𝑃𝐸 𝑆 𝑆−

𝑚𝑎𝑥 (19)

𝐵 = 𝑅
𝐿 ∗ 𝑒𝐸 𝑆 𝑆 (20)

𝐶𝐸 𝑆 𝑆 ,𝑑 𝑒 =
𝑇
∑

𝑡=1
𝑃𝐸 𝑆 𝑆−
𝑡 ▵ 𝑡 ∗ 𝐵 (21)

2.2. Market constraints

The FCAS market comprises two regulation markets and six con-
tingency markets. At this stage, aside from the spot market, given the
extremely low likelihood of contingency events occurring, our focus is
limited to the six contingency markets and their reserve participation
situation. According to their response time, these markets can be cate-
gorized as 6-second raise and lower, 60-second raise and lower, and
5-minute raise and lower markets [3]. Eq. (22) represent the profit
obtained from the FCAS market. It comprises earnings from both the
raise and lower markets. 𝐶𝐹 𝐶 𝐴𝑆 denotes the transactional cost for
𝑡

5 
FCAS market participation, which is paid to EV owners for reserving
the capacity of their EVs. Distinctly separating from EV incentives
and the degradation of ESS, it underscores the financial implications
of continuous market engagement. 𝑃 𝑟

𝑡,𝑗 and 𝑃 𝑙
𝑡,𝑗 represent the power

from different raise and lower markets, respectively. 𝑁𝑟 and 𝑁𝑙 are
the number of raise and lower markets, which are both equal to 3 in
his study. The binary variable 𝜏 𝑟

𝑡,𝑗 and 𝜏 𝑙
𝑡,𝑗 are randomly generated to

represent the bidding success of each contingency market. The bidding
strategy is not considered.

Similar to the parts of the ESS and EVs, the parking lot cannot
imultaneously import and export power. Additionally, energy trading
annot occur simultaneously in both the FCAS raise and lower mar-

kets. Therefore, the binary variable 𝑏𝑡 and 𝑐𝑡 is utilized in (23)–(26).
qs. (27)–(30) define auxiliary variables used for the upper bound of

the raise and lower markets. The constraints (31) to (32) define the
upper bounds for reserve power in the FCAS market. To convert (27)–
30) to equivalent mixed integer linear constraints, the big-M method

is employed, as illustrated in (33)–(48)[23]. The binary variables 𝑑𝑒𝑣𝑟,𝑖,
𝑒𝑣𝑙 ,𝑖, 𝑑𝑒𝑠𝑟 and 𝑑𝑒𝑠𝑙 are employed within this method. It should be noted
hat only V2G-participating EVs have the capability to join the FCAS
arkets. As detailed in the EV modeling section, the primary focus for

hort-term parking EVs is to charge as much as possible.

𝑧𝐹 𝐶 𝐴𝑆 =
𝑇
∑

𝑡=1

[𝑁𝑟
∑

𝑗=1

(

𝑃 𝑟
𝑡,𝑗 ∗ 𝜏 𝑟

𝑡,𝑗 ∗ 𝜆 𝑟
𝑡,𝑗

)

+
𝑁𝑙
∑

𝑘=1

(

𝑃 𝑙
𝑡,𝑗 ∗ 𝜏 𝑙

𝑡,𝑗 ∗ 𝜆 𝑙
𝑡,𝑗

)

− 𝐶𝐹 𝐶 𝐴𝑆
𝑡

]

(22)

0 ≤ 𝑃 𝐹 𝑒𝑒𝑑−𝑖𝑛
𝑡 ≤ 𝑏𝑡 ∗ 𝑃 −

𝑚𝑎𝑥 (23)

0 ≤ 𝑃𝐺 𝑟𝑖𝑑
𝑡 ≤ (1 − 𝑏𝑡) ∗ 𝑃 +

𝑚𝑎𝑥 (24)

0 ≤
𝑁𝑟
∑

𝑗=1
𝑃 𝑟
𝑡,𝑗 ∗ 𝜏 𝑟

𝑡,𝑗 ≤ 𝑐𝑡 ∗ 𝑃 𝑅
𝑚𝑎𝑥 (25)

0 ≤
𝑁𝑙
∑

𝑘=1
𝑃 𝑙
𝑡,𝑘 ∗ 𝜏 𝑙

𝑡,𝑘 ≤ (1 − 𝑐𝑡) ∗ 𝑃 𝐿
𝑚𝑎𝑥 (26)

𝑃 𝑟,𝑒𝑣
𝑖,𝑡 = 𝑚𝑖𝑛

⎛

⎜

⎜

⎜

⎝

(

𝐸𝐸 𝑉
𝑖,𝑡 − 𝐸𝐸 𝑉

𝑖,𝑚𝑖𝑛

)

⋅ 𝜑𝑖

▵ 𝑡
, 𝑃𝐸 𝑉 −

𝑖,𝑚𝑎𝑥 ⋅ 𝜑𝑖

⎞

⎟

⎟

⎟

⎠

(27)

𝑃 𝑙 ,𝑒𝑣
𝑖,𝑡 = 𝑚𝑖𝑛

⎛

⎜

⎜

⎜

⎝

(

𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥 − 𝐸𝐸 𝑉

𝑖,𝑡

)

⋅ 𝜑𝑖

▵ 𝑡
, 𝑃𝐸 𝑉 +

𝑖,𝑚𝑎𝑥 ⋅ 𝜑𝑖

⎞

⎟

⎟

⎟

⎠

(28)

𝑃 𝑟,𝑒𝑠𝑠
𝑡 = 𝑚𝑖𝑛

(

𝐸𝐸 𝑆 𝑆
𝑡 − 𝐸𝐸 𝑆 𝑆

𝑚𝑖𝑛
▵ 𝑡

, 𝑃𝐸 𝑆 𝑆−
𝑚𝑎𝑥

)

(29)

𝑃 𝑙 ,𝑒𝑠𝑠
𝑡 = 𝑚𝑖𝑛

(

𝐸𝐸 𝑆 𝑆
𝑚𝑎𝑥 − 𝐸𝐸 𝑆 𝑆

𝑡
▵ 𝑡

, 𝑃𝐸 𝑆 𝑆+
𝑚𝑎𝑥

)

(30)

𝑁𝑟
∑

𝑗=1
𝑃 𝑟,𝑟𝑒𝑠
𝑡,𝑗 ≤

𝑁
∑

𝑖=1
𝑃 𝑟,𝑒𝑣
𝑖,𝑡 + 𝑃 𝑟,𝑒𝑠𝑠

𝑡 (31)

𝑁𝑙
∑

𝑘=1
𝑃 𝑙 ,𝑟𝑒𝑠
𝑡,𝑘 ≤

𝑁
∑

𝑖=1
𝑃 𝑙 ,𝑒𝑣
𝑖,𝑡 + 𝑃 𝑙 ,𝑒𝑠𝑠

𝑡 (32)

𝑃 𝑟,𝑒𝑣
𝑖,𝑡 ≤

(

𝐸𝐸 𝑉
𝑖,𝑡 − 𝐸𝐸 𝑉

𝑖,𝑚𝑖𝑛

)

⋅ 𝜑𝑖

▵ 𝑡
(33)

𝑃 𝑟,𝑒𝑣
𝑖,𝑡 ≤ 𝑃𝐸 𝑉 −

𝑖,𝑚𝑎𝑥 ⋅ 𝜑𝑖 (34)
(

𝐸𝐸 𝑉
𝑖,𝑡 − 𝐸𝐸 𝑉

𝑖,𝑚𝑖𝑛

)

⋅ 𝜑𝑖

▵ 𝑡
−𝑀 ⋅ 𝑑𝑒𝑣𝑟,𝑖 ≤ 𝑃 𝑟,𝑒𝑣

𝑖,𝑡 (35)

𝑃𝐸 𝑉 −
𝑖,𝑚𝑎𝑥 ⋅ 𝜑𝑖 −𝑀 ⋅ (1 − 𝑑𝑒𝑣𝑟,𝑖) ≤ 𝑃 𝑟,𝑒𝑣

𝑖,𝑡 (36)

𝑟,𝑒𝑠𝑠 𝐸𝐸 𝑆 𝑆
𝑡 − 𝐸𝐸 𝑆 𝑆

𝑚𝑖𝑛
𝑃𝑡 ≤
▵ 𝑡

(37)
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𝑃 𝑟,𝑒𝑠𝑠
𝑡 ≤ 𝑃𝐸 𝑆 𝑆−

𝑚𝑎𝑥 (38)

𝐸𝐸 𝑆 𝑆
𝑡 − 𝐸𝐸 𝑆 𝑆

𝑚𝑖𝑛
▵ 𝑡

−𝑀 ⋅ 𝑑𝑒𝑠𝑟 ≤ 𝑃 𝑟,𝑒𝑠𝑠
𝑡 (39)

𝑃𝐸 𝑆 𝑆−
𝑚𝑎𝑥 −𝑀 ⋅ (1 − 𝑑𝑒𝑠𝑟) ≤ 𝑃 𝑟,𝑒𝑠𝑠

𝑡 (40)

𝑃 𝑙 ,𝑒𝑣
𝑖,𝑡 ≤

(

𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥 − 𝐸𝐸 𝑉

𝑖,𝑡

)

⋅ 𝜑𝑖

▵ 𝑡
(41)

𝑃 𝑙 ,𝑒𝑣
𝑖,𝑡 ≤ 𝑃𝐸 𝑉 +

𝑖,𝑚𝑎𝑥 ⋅ 𝜑𝑖 (42)
(

𝐸𝐸 𝑉
𝑖,𝑚𝑎𝑥 − 𝐸𝐸 𝑉

𝑖,𝑡

)

⋅ 𝜑𝑖

▵ 𝑡
−𝑀 ⋅ 𝑑𝑒𝑣𝑙 ,𝑖 ≤ 𝑃 𝑙 ,𝑒𝑣

𝑖,𝑡 (43)

𝑃𝐸 𝑉 +
𝑖,𝑚𝑎𝑥 ⋅ 𝜑𝑖 −𝑀 ⋅ (1 − 𝑑𝑒𝑣𝑙 ,𝑖) ≤ 𝑃 𝑙 ,𝑒𝑣

𝑖,𝑡 (44)

𝑃 𝑙 ,𝑒𝑠𝑠
𝑡 ≤

𝐸𝐸 𝑆 𝑆
𝑚𝑎𝑥 − 𝐸𝐸 𝑆 𝑆

𝑡
▵ 𝑡

(45)

𝑃 𝑙 ,𝑒𝑠𝑠
𝑡 ≤ 𝑃𝐸 𝑆 𝑆+

𝑚𝑎𝑥 (46)

𝐸𝐸 𝑆 𝑆
𝑚𝑎𝑥 − 𝐸𝐸 𝑆 𝑆

𝑡
▵ 𝑡

−𝑀 ⋅ 𝑑𝑒𝑠𝑙 ≤ 𝑃 𝑙 ,𝑒𝑠𝑠
𝑡 (47)

𝑃𝐸 𝑆 𝑆+
𝑚𝑎𝑥 −𝑀 ⋅ (1 − 𝑑𝑒𝑠𝑙) ≤ 𝑃 𝑙 ,𝑒𝑠𝑠

𝑡 (48)

where 𝑃 +
𝑚𝑎𝑥 and 𝑃 −

𝑚𝑎𝑥 are the maximum import and export power,
respectively. 𝑃 𝑟

𝑡,𝑗 and 𝑃 𝑙
𝑡,𝑗 represent different FCAS raise and lower

markets, respectively, while 𝑃 𝑟,𝑟𝑒𝑠
𝑡,𝑗 and 𝑃 𝑙 ,𝑟𝑒𝑠

𝑡,𝑘 signify the power reserved
or these markets. 𝑃 𝑟,𝑒𝑣

𝑖,𝑡 and 𝑃 𝑙 ,𝑒𝑣
𝑖,𝑡 indicate the reserve power of EVs for

he raise and lower market at time step 𝑡, respectively. In a similar vein,
𝑃 𝑟,𝑒𝑠𝑠
𝑡 and 𝑃 𝑙 ,𝑒𝑠𝑠

𝑡 stand for the ESS reserve power for the raise and lower
market at time step 𝑡, respectively.

2.3. Balance equation

The system power balance is presented in (49). The power drawn
from the PV system, 𝑃 𝑃 𝑉

𝑡 , the wind turbine, 𝑃𝑊
𝑡 , the grid, 𝑃𝐺 𝑟𝑖𝑑

𝑡 ,
he ESS discharging, 𝑃𝐸 𝑆 𝑆−

𝑡 , and the EV discharging ∑𝑁
𝑖=1 𝑃

𝐸 𝑉 −
𝑖,𝑡 , is

istributed to the EV charging, ∑𝑁
𝑖=1 𝑃

𝐸 𝑉 +
𝑖,𝑡 , the ESS charging, 𝑃𝐸 𝑆 𝑆+

𝑡 ,
nd the grid feed-in power 𝑃 𝐹 𝑒𝑒𝑑−𝑖𝑛

𝑡 .
𝑁

𝑖=1
𝑃𝐸 𝑉 +
𝑖,𝑡 + 𝑃𝐸 𝑆 𝑆+

𝑡 + 𝑃 𝐹 𝑒𝑒𝑑−𝑖𝑛
𝑡

= 𝑃 𝑃 𝑉
𝑡 + 𝑃𝑊

𝑡 + 𝑃𝐺 𝑟𝑖𝑑
𝑡 + 𝑃𝐸 𝑆 𝑆−

𝑡 +
𝑁
∑

𝑖=1
𝑃𝐸 𝑉 −
𝑖,𝑡

(49)

2.4. Objective function

The objective function delineated below seeks to maximize the park-
ing lot’s profit by strategically managing the charging and discharging
of EVs and ESS to purchase electricity in low-price periods and sell
it during high-price periods. It comprises several components: feed-in
revenue, EV charging revenue, FCAS market revenue, V2G payment,
cost of grid electricity purchase, PV and wind turbine operating cost,
and the cost associated with ESS degradation.

𝑀 𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑍 =
𝑇
∑

𝑡=1
(𝑃 𝐹 𝑒𝑒𝑑−𝑖𝑛

𝑡 ∗ 𝜆1,𝑡) ▵ 𝑡

−
𝑇
∑

𝑡=1
(𝑃𝐺 𝑟𝑖𝑑

𝑡 ∗ 𝜆2,𝑡) ▵ 𝑡 + 𝑧𝐸 𝑉 + 𝑧𝐹 𝐶 𝐴𝑆

−
𝑇
∑

𝑡=1

(

𝑃 𝑃 𝑉
𝑡 ∗ 𝜆𝑝𝑣 + 𝑃𝑊

𝑡 ∗ 𝜆𝑤
)

▵ 𝑡 − 𝐶𝐸 𝑆 𝑆 ,𝑑 𝑒

(50)
6 
2.5. Uncertainty

In this section, we delve deeper into the uncertainty factors associ-
ted with the proposed model, specifically focusing on market price
rediction and the determination of V2G incentives. These elements
re forecasted using long short-term memory (LSTM) and addressed

using the IGDT-based method, respectively. It is worth noting that,
although EV behavior also constitutes an uncertainty factor, it has been
horoughly discussed in the preceding section on the EV model.

2.5.1. Long short-term memory prediction
LSTM networks, a type of recurrent neural network, excel at pre-

dicting variables characterized by high degrees of randomness and
uncertainty [24]. One of their main advantages is their capacity to cap-
ture long-range dependencies and complex patterns in sequential data
due to their unique memory cell architecture [25,26]. This architecture
effectively stores and manages information from past observations, en-
abling the model to learn intricate temporal relationships and enhance
forecasting accuracy.

Recent studies have demonstrated the robust capabilities of machine
learning models in the renewable energy sector. In [27], Random forest
regression and LSTM models were utilized to accurately forecast solar
power generation, underscoring the effectiveness of these approaches.
Concurrently, in [28], a neural network was employed to estimate the
oC for batteries, achieving a commendably low mean absolute error,
hich significantly enhances energy storage management in renewable

ystems. The use of LSTM is particularly notable for its proven effec-
iveness in time series forecasting across various applications, including
redicting the uncertainty factors of solar irradiance, wind speed, and
arket prices, despite potential limitations in capturing sudden market

hifts [25,29–31]. These results collectively highlight LSTM’s potential
to align well with historical data and maintain consistency with existing
rends, illustrating its broader applicability in both power generation

forecasting and energy storage optimization., as illustrated in Fig. 2.

2.5.2. Information gap decision theory
One of the major challenges for the widespread adoption of V2G

echnology is the concern among EV owners that it could accelerate
their EV battery degradation. To address this issue, incentives can be
offered to EV owners who participate in V2G, along with upper and
lower bounds to prevent overcharging or over-discharging of EVs at
parking lots and charging stations.

An optimal V2G incentive can indirectly limit the discharge of the
EV during the optimization process, reducing EV battery degradation in
some cases. However, excessive incentives can negatively impact the
parking lot’s profit. To determine the optimal value of the incentive,
IGDT [32] is considered here. Before applying IGDT, we need to explore
the willingness that is triggered by the price first [33]. It is assumed that
o EV owners will participate in V2G services without appropriate fi-

nancial rewards, as battery degradation is a concern. This simplifies the
analysis by focusing on V2G participation based on incentives, ensuring
that the research remains concentrated on economic factors. Exploring
diverse motivations for participation would require expanding the re-
search scope significantly. While this assumption may underestimate
participation in early V2G adoption, it keeps the study aligned with
its focus on the economic aspects of V2G. The relationship between
incentives (in dollars) and V2G willingness (in kWh) is shown in (51),

here 𝜔𝑣2𝑔
𝛾 is the willingness corresponding to the current incentive 𝛾,

𝜁 indicates the price sensitivity of EV owners, and 𝐶𝐸 𝑉 represents the
apacity of the EVs.

The IGDT method has two modes — the robustness mode (52)
and the opportunity mode (53). The robustness mode represents the
highest uncertainty level to ensure that the profit is greater than the
critical profit 𝑓𝑟. In contrast, the opportunity mode represents the
lowest uncertainty level to gain a windfall profit as large as 𝑓𝑜, which
should be greater than the critical profit in any case. Eq. (54) shows the
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Fig. 2. LSTM forecast result.
envelope bound [18,19], representing the uncertainty values of V2G
incentives 𝛾 within their expected value 𝛾̂, where 𝛼 is the uncertainty
radius of V2G incentives.

The decision-making policy is shown as (55). A baseline model 𝐹 𝑏𝑎𝑠𝑒

serves as a reference point against the current model’s performance
𝐹 𝑝𝑒𝑟𝑓
𝛾 . 𝐹 𝑏𝑎𝑠𝑒 is calculated as the minimum profit without any uncer-

tainty and is usually less than or equal to 𝑓𝑟. 𝐹 𝑝𝑒𝑟𝑓
𝛾 is calculated by

(56), where 𝑒𝑤𝛾 is the weighting factor for the current 𝛾 in balancing
the robustness and opportunity decision-making. As Eqs. (57) and (58)
show, the weighting factor will be increased by 𝑣𝑝 when the gap 𝐺𝛾
between 𝛼̂𝛾 (𝑍 , 𝑓𝑟) and 𝛽𝛾 (𝑍 , 𝑓𝑜) is greater than 𝑑, and decrease by 𝑣𝑝
when the gap is less than or equal to 𝑑. 𝑣𝑝 and 𝑑 are constants. The
𝛾 of the best performance which optimizes (55) will be the optimal
incentive 𝜆3 used in (14).

𝜔𝑣2𝑔
𝛾 = 𝐶𝐸 𝑉 (1 − exp (−𝜁 ∗ 𝛾)) (51)

̂𝛾 (𝑍 , 𝑓𝑟) = 𝑚𝑎𝑥
𝑍 ,𝛾

{

𝛼 ∶ 𝑚𝑖𝑛
𝛾∈𝑈

𝐹 (𝑍 , 𝛾) ≥ 𝑓𝑟

}

(52)

𝛽𝛾 (𝑍 , 𝑓𝑜) = 𝑚𝑖𝑛
𝑍 ,𝛾

{

𝛼 ∶ 𝑚𝑎𝑥
𝛾∈𝑈

𝐹 (𝑍 , 𝛾) ≥ 𝑓𝑜

}

(53)

𝑈 (𝛼 , ̂𝛾) =
{

𝛾 ∶
|

|

|

|

𝛾 − 𝛾̂
𝛾̂

|

|

|

|

≤ 𝛼
}

(54)

𝑀 𝑎𝑥 𝐶(𝛾 , 𝜔𝑣2𝑔
𝛾 ) = 𝐹 𝑝𝑒𝑟𝑓

𝛾 − 𝐹 𝑏𝑎𝑠𝑒

𝐹 𝑏𝑎𝑠𝑒 (55)

𝑝𝑒𝑟𝑓
(

𝑤
)

𝑤 ̂
𝐹𝛾 = 1 − 𝑒𝛾 ∗ 𝛼̂𝛾 (𝑍 , 𝑓𝑟) + 𝑒𝛾 ∗ 𝛽𝛾 (𝑍 , 𝑓𝑜) (56)

7 
𝐺𝛾 =
(

1 − 𝑒𝑤𝛾
)

∗ 𝛼̂𝛾 (𝑍 , 𝑓𝑟) − 𝑒𝑤𝛾 ∗ 𝛽𝛾 (𝑍 , 𝑓𝑜) (57)

𝑒𝑤𝛾 =

{

𝑒𝑤𝛾 + 𝑣𝑝, 𝐺𝛾 > 𝑑
𝑒𝑤𝛾 − 𝑣𝑝, 𝐺𝛾 ≤ 𝑑

(58)

3. Materials and methods

This study is primarily based on modeling and analysis, utilizing ex-
isting datasets for renewable energy (solar irradiance and wind speed),
market price data (FCAS and spot markets), and EV data, which have
all been cited in the manuscript. These datasets were obtained from
reputable sources: solar irradiance and wind speed data were imported
from [34], market data from [35], and EV data from [36]. No original
data collection was performed as part of this work.

The methodology begins with the setup of an EV parking lot model,
incorporating PV panels, wind turbines, and an ESS. The EV behav-
iors, including arrival and departure times and the initial SoC, were
simulated using Monte Carlo methods to reflect real-world scenarios.
These simulations allowed for the analysis of various EV user behav-
iors and energy requirements in a parking lot equipped with limited
charging infrastructure. RES, such as PV panels and wind turbine, were
modeled using established equations based on the datasets mentioned
above. The behavior of EVs, including their charging and discharging
processes, was simulated to explore interactions between the parking
lot and the energy markets.
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Fig. 3. Flowchart of the proposed method.

To optimize V2G incentives, an IGDT-based method was applied.
This method balances the parking lot’s profitability while encouraging
EV owner participation in V2G activities. The charging and discharg-
ing operations were managed in response to market prices (spot and
CAS markets) under specific constraints designed to prevent battery
egradation.

To clarify the workflow and methodology, a flowchart illustrating
he modeling process is presented in Fig. 3. The process starts with

utilizing existing datasets for renewable energy and market prices,
followed by the setup of the EV parking lot model, simulation of EV
behaviors using Monte Carlo methods, and RES modeling. The V2G
ncentive decision-making process, based on the IGDT method, and
he management of charging and discharging operations according to
arket conditions are also represented.

4. Case study

4.1. Parameter and case settings

This section will compare two cases with scenarios of 10 EVs,
15 EVs, and 20 EVs, respectively, to explore the parking lot profit
variation. The cases are defined as follows:

• Case 1: EV parking lot participates in both the spot market and 6
FCAS contingency market;

• Case 2: EV parking lot only joins the spot market.

These two cases have the same parameter setting and are controlled by
he same energy management system (EMS). The simulation time step
s set to 48 with ▵ 𝑡 = 0.5ℎ, and the total number of chargers equipped
re 10. Additional settings for the EV parking lot can be found in [12].

Solar irradiance and wind speed data are imported from [34]. The
LSTM is based on the MATLAB deep learning toolbox [37]. It should
e noted that the randomly generated 𝜏 𝑟 and 𝜏 𝑙 are the same in all
𝑡,𝑗 𝑡,𝑗
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scenarios. Because the bidding strategy is not within the scope of this
article, the results of the FCAS market bidding are randomly generated.
It is assumed that energy bidding commitments will always be fulfilled,
as the complexities involved in energy bidding processes are beyond the
scope of this paper. By making this assumption, the study remains cen-
tered on the technical operation of V2G and charger dynamics, without
introducing uncertainties from bidding failures. While this assumption
could overstate the reliability of energy exchanges, it ensures that the
study’s focus on the main research goals is maintained.

In order to further verify the selection of V2G incentives, the range
of V2G incentives is set from 0 to 0.1, with an interval of 0.01. Based on
he comparison of the above cases, in addition to the optimal incentives
ases, the comparison will also be made with the V2G incentives at

a minimum value of 0 and maximum value of 0.1, respectively. The
incentive range of 0–0.1 was selected based on typical values observed
in practical V2G applications and pilot studies, which generally offer
incentives in this range for services such as grid stabilization and
frequency regulation [38–40].

4.2. Results and analysis

In this section, we will examine the two mentioned cases under
varying numbers of EVs. As mentioned before, lower incentives may
reduce costs for EV parking lots but could also deter V2G participation.
Conversely, higher incentives might encourage more EVs to participate
in V2G, but this may negatively impact the parking lot’s profit. Finding
the optimal balance between these two factors is significant. In the
following analysis, the IGDT method will be employed to determine
the optimal incentives within the range of potential incentives for both
cases. The minimum and maximum incentive values will be established
and compared to the optimal V2G incentives to evaluate the impact
on profit. This comparison will provide valuable insights into the
variations in profit under different incentive conditions. Consequently,
we present the following results.

4.2.1. Optimal V2G incentives
Fig. 4 depicts the behavior under optimal incentives. In case 2,

EVs mainly discharge between time steps 15 and 30 due to a rising
market price, charging at lower spot market price points to maximize
profit. In contrast, case 1 exhibits an opposite trend during the same
time steps. Anticipating a rise in FCAS contingency market prices,
the parking lot initiates EV charging to reserve capacity for the FCAS

arket and delays discharging to a later period when spot market prices
re higher. This strategy increases participation and profitability in
ase 1. Although the charging and discharging activities exhibit similar
rends in both cases as the number of EVs increases, the ESS in case 1
hows more frequent energy fluctuations. This ESS also participates in
he FCAS market through periodic charging and discharging to secure
dditional profits. On the other hand, in case 2, which only engages
n the spot market, frequent charging and discharging fail to offset the
ssociated costs, thereby diminishing profits.

The optimal V2G incentives derived from the proposed IGDT
ethod are detailed in Table 1. Notably, monetary rewards for V2G-

participating EVs in case 1 are higher compared to those in case 2.
This discrepancy stems from the parking lot’s participation in the FCAS
market, which allows for more substantial incentives to be offered
to EV owners, thereby boosting its own profits as well. Because of
the revenue from the raise markets and the additional income from
reserved capacity in lower markets, the entire parking lot system
engages in more frequent energy exchanges in case 1, thereby justifying
higher V2G incentives to encourage participation.

Profits for each case, featuring varying numbers of EVs, are summa-
rized in Table 2. While the profits in case 1 significantly exceed those in
case 2, the growth rate tends to plateau as the number of EVs increases.
This flattening growth is attributed to the limited charging space, which
restricts the number of EVs participating in V2G activities. As the
primary goal of the EV parking lot is to fully charge all EVs to their
maximum SoC before departure, the amount of releasable energy does

not proportionally increase with more EVs connecting to the system.
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Fig. 4. Optimal incentives under different EV numbers.
(a): EVs charging/discharging energy (10 EVs); (b): Export/import energy (10 EVs); (c): ESS charging/discharging energy (10 EVs); (d): EVs charging/discharging energy (15 EVs);
(b): Export/import energy (15 EVs); (f): ESS charging/discharging energy (15 EVs); (g): EVs charging/discharging energy (20 EVs); (h): Export/import energy (20 EVs); (i): ESS
charging/discharging energy (20 EVs);.
Table 1
The optimal incentives in each case.

Scenario of 10 EVs Scenario of 15 EVs Scenario of 20 EVs

Case 1 $0.06 $0.05 $0.05
Case 2 $0.04 $0.03 $0.02

4.2.2. Without V2G incentives
When the V2G incentives are set to 0, as illustrated in Fig. 5, the

willingness to participate in V2G drops to 0 for all cases, attributed to
concerns about battery degradation resulting from EV discharge. In case
1, the trend remains similar to that of the optimal incentive scenario.
To maximize profits, the ESS energy fluctuates frequently, adjusting
its capacity to reserve for the FCAS contingency markets. Conversely,
in case 2, charging still occurs at low spot market prices. The ESS is
charged when prices are low and discharged at high electricity prices
to minimize charging costs or generate profits.

Table 2 reveals that, even without EV participation in V2G, profits
in case 1 are still substantially higher than in case 2. However, when
compared to the scenario with optimal incentives, the difference in
profits slightly decreases as the number of EVs increases.
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4.2.3. With the maximal V2G incentives
When the V2G incentive is set to $0.1, as illustrated in Fig. 6, the

elevated incentive causes the EMS to entirely suspend V2G operations
in case 2 as a cost-saving measure, despite the increased willingness
from EVs to engage in V2G. The charging and discharging patterns of
the ESS are consistent with the zero-incentive scenario. In contrast, in
case 1, the frequency of energy import and export activities increases,
resembling the trends observed in the optimal incentive scenario. Even
with these higher incentives, V2G in case 1 continues to operate,
capitalizing on the higher returns from multiple markets to maximize
profits.

Profits in case 2 remain consistent with those in previous incentive
scenarios, but the difference in profits is slightly higher compared to
the zero-incentive scenarios.

In general, irrespective of the V2G incentive setting, the profit in
case 1 consistently exceeds that in case 2 under randomly generated
bidding results. However, excessively high monetary rewards can re-
duce or even stop V2G operations in the parking lot to minimize
costs. On the flip side, insufficient incentives may deter EV owners
from participating in V2G, or even not participating altogether. These
challenges are mitigated by identifying an optimal incentive value
through the proposed IGDT-based method.
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Fig. 5. 0 incentives under different EV numbers.
(a): EVs charging/discharging energy (10 EVs); (b): Export/import energy (10 EVs); (c): ESS charging/discharging energy (10 EVs); (d): EVs charging/discharging energy (15 EVs);
(b): Export/import energy (15 EVs); (f): ESS charging/discharging energy (15 EVs); (g): EVs charging/discharging energy (20 EVs); (h): Export/import energy (20 EVs); (i): ESS
charging/discharging energy (20 EVs);.
Table 2
Profit in each case.

Optimal V2G incentives

Scenario of 10 EVs Scenario of 15 EVs Scenario of 20 EVs

Case 1 $ 65.56 $ 88.77 $ 102.33
Case 2 $ 29.08 $ 45.19 $ 53.39
Difference 125.45% 96.44% 91.67%

$0 V2G incentives

Scenario of 10 EVs Scenario of 15 EVs Scenario of 20 EVs
Case 1 $ 61.31 $ 84.90 $ 97.14
Case 2 $ 28.95 $ 44.61 $ 52.44
Difference 111.78% 90.32% 85.24%

$0.1 V2G incentives

Scenario of 10 EVs Scenario of 15 EVs Scenario of 20 EVs
Case 1 $ 62.33 $ 85.90 $ 98.23
Case 2 $ 28.95 $ 44.61 $ 52.44
Difference 115.3% 92.56% 87.32%
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5. Conclusions

An EV parking lot model, including RES, was proposed in this arti-
cle. By considering the uncertainties, the FCAS and spot market prices,
solar irradiance, and wind speed were forecasted using LSTM based
on the MATLAB deep learning toolbox. In addition, the Monte Carlo
method was used to generate EV behaviors, including arrival/departure
times and initial SoC. EVs are allocated to a limited number of bi-
directional chargers in the EV parking lot using the proposed allocation
method. It is considered that the parking lot can participate in both the
FCAS and spot markets through the V2G function. In order to increase
the profit for the parking lot and reduce the cost of EV owners, an
IGDT-based method was proposed to decide on V2G incentives.

Two cases were compared with different EV numbers, under $0,
$0.1, and IGDT-decided optimal value of incentives. Case 1 considers
both the FCAS and spot markets, while Case 2 only engages in the spot
market. Both cases achieved the highest profit under the optimal V2G
incentives. It was found that incentives of $0 and $0.1 would cause V2G
to cease in Case 2. In Case 1, even with high incentives paid to EVs,
the V2G still operates and can gain profit in the FCAS market. Case 1
has the highest profit in all situations.
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Fig. 6. $ 0.1 incentives under different EV numbers.
(a): EVs charging/discharging energy (10 EVs); (b): Export/import energy (10 EVs); (c): ESS charging/discharging energy (10 EVs); (d): EVs charging/discharging energy (15 EVs);
(b): Export/import energy (15 EVs); (f): ESS charging/discharging energy (15 EVs); (g): EVs charging/discharging energy (20 EVs); (h): Export/import energy (20 EVs); (i): ESS
charging/discharging energy (20 EVs);.
In future research, the bidding strategy for the FCAS market and its
associated penalties will be further studied to discuss the implications
of bidding results and penalties on revenue.
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