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Abstract: With the increasing popularity and development of electric vehicles, the demand for electric
vehicle charging is also constantly increasing. To meet the diverse charging needs of electric vehicle
users and improve the efficiency of charging infrastructure, this study proposes an optimization
strategy for electric vehicle charging and discharging. This method considers both the user’s travel
mode and the operational efficiency of the charging pile. Firstly, a probability model based on travel
spatiotemporal variables and Monte Carlo algorithm were used to simulate the travel trajectory of
electric vehicles, providing a data foundation for optimizing the charging and discharging schemes
of electric vehicles. Then, with the dual objective of minimizing the operating costs of charging piles
and user charging costs, a linear programming model was constructed to optimize the charging
and discharging strategies of electric vehicles. Finally, the model was validated using an apartment
building as an example. The results indicate that, under the normal travel habits of users, with the
goal of minimizing company expenses, the annual cost of the company reaches its minimum at a
certain number of charging piles. When the cost of electric vehicle users dominates the objective
function, they will pay more attention to battery degradation, significantly reducing their willingness
to participate in discharge.

Keywords: charging and discharging strategy; enterprise electric vehicles; Monte Carlo simulation;
user travel habit

1. Introduction

As the use of fossil fuels continues to rise, issues like environmental pollution and
energy crises are increasingly emerging [1,2]. Against this backdrop, electric vehicles (EVs),
as eco-friendly and low-carbon modes of transportation, have become significant alterna-
tives to traditional fuel vehicles and a viable solution to alleviate the energy crisis [3–6].
EVs commonly utilize various types of batteries, including lead acid batteries, nickel hy-
drogen batteries, and lithium-ion batteries [7]. Additionally, the batteries in EVs can serve
as distributed energy storage devices, helping to stabilize renewable energy generation,
participate in electricity market auxiliary services, or manage demand-side electricity needs.
Consequently, the development of the EV industry has become a global consensus for
low-carbon development [8]. According to global forecasts, by 2040, the number of EVs
worldwide is expected to increase from 3 million to 66 million [9]. Many EU countries use
fiscal incentives to promote EVs to help cities decarbonize. At the same time, Germany has
formulated some policy measures to promote EVs, for example, purchasing bonuses and
tax incentives for EVs to support the replacement of traditional internal combustion engine
vehicles [10,11].
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However, with the widespread adoption of EVs, the inadequacy of public charging
infrastructure and the uneven distribution of charging piles have become new challenges.
Particularly for companies, communities, and schools, establishing a parking lot capable
of powering EVs not only meets the changing needs of EV users but also leverages the
energy storage potential of EV fleets during prolonged parking. With the support of bi-
directional charging technology and in the context of real-time electricity pricing markets,
the flexible load characteristics of EV charging and discharging can help operators in the
electric grid to shave peak and fill valley demands, while also economically benefiting
both operators and EV users. However, as a novel type of load, EV charging behavior is
characterized by its randomness and intermittency. The large-scale integration of EVs into
the grid presents significant load challenges. Disorganized charging of EVs can result in
reduced charging efficiency and underutilization of charging piles, thereby compromising
the safety, efficiency, and overall charging experience for EV users. Consequently, the
pressing challenge lies in devising an effective scheduling approach for EV charging within
the charging piles.

Many scholars have also conducted extensive research on the simulation of EV travel.
These simulation methods include Monte Carlo simulation, Markov chain simulation,
multi-agent reinforcement learning, etc. Liu and Lin [12] analyzed the uncertainty of mar-
ket penetration of EVs by integrating nested polynomial logit and Monte Carlo simulation.
Wang and Infield [13] simulated the usage patterns of EVs based on Markov chain Monte
Carlo simulation, and analyzed the impact of EV charging on the power grid based on the
usage patterns. This method can model the travel patterns of EVs based on uncertain travel
data, while generating accurate travel patterns. Afshar et al. [14] simulated EV charging
based on traffic flow analysis and Monte Carlo methods. The model can accurately calculate
the charging needs of EVs in different time and space. Fu et al. [15] introduced a charging
scheduling control strategy for EVs, leveraging multi-agent reinforcement learning. This
method can improve the charging efficiency of EV charging piles while reducing the cost of
EV charging. However, multi-agent reinforcement learning methods can simultaneously
consider multiple objectives and avoid extreme biases on certain objectives. Simultaneously,
it can handle intricate constraints while dynamically adjusting strategies based on diverse
goals and limitations. However, in multi-agent systems, due to the constantly updating
strategies of each agent, the environment in which each agent operates is unstable. This
undermines the conditions for modeling the system as a Markov process, making it difficult
for the method of independently training each agent to converge in complex scenarios [16].
Monte Carlo simulation can handle various complex mathematical models and uncertainty
factors. This method is based on many random samplings, and through multiple simulation
experiments, the probability distribution of EV travel and charging can be obtained, which
can provide reliable results. The Monte Carlo method can improve computational efficiency
through techniques such as parallel computing, making the simulation of EV travel and
charging faster and more efficient. The advantages of the Monte Carlo method in simu-
lating EV travel and charging mainly lie in its flexibility, reliability, and efficiency. These
advantages give Monte Carlo methods broad application prospects in the field of EVs.

In the field of EV charging optimization, scholars have engaged in comprehensive
research. For example, Wu et al. [17] developed a charging schedule strategy for EVs based
on time-of-use electricity pricing, with the primary goal of minimizing user charging costs,
constrained by the number of charging piles and the instantaneous power capacity of
charging piles. Zhang et al. [18] introduced a strategy for orderly real-time charging that
seeks to maximize the use of renewable energy and concurrently minimize the charging
costs for EV users. Wu and Pang [19] crafted an optimal strategy for the orderly charging
and discharging of EVs, aiming to minimize both operational costs and peak–valley load
differences under variable electricity pricing regimes. Gharibi et al. [20], considering 24-h
predicted electricity prices, battery aging, and charging costs, proposed a proactive day-
ahead charging and discharging strategy for EVs. Zhang et al. [21] devised a two-stage
EV charging and discharging optimization strategy using particle swarm optimization,
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focusing on minimizing vehicle expenses and maximizing charge volume while considering
the cyclical costs of battery charging and discharging. These studies, primarily centered on
the benefits to EV owners, often lack widespread applicability in real-world engineering
contexts. Consequently, Fu et al. [22] expanded the scope to include the interests of both
charging pile operators and EV users. They approached the issue as a non-cooperative
game, aiming to optimize EV charging strategies that maximize charging pile benefits and
minimize costs for EV users.

Based on the analysis, we observe that many scholars have conducted research related
to operational strategies for EVs. With the growing popularity of EVs, many businesses
have started to use EVs owned by their employees as mobile energy storage units, integrat-
ing them into the company’s own electricity usage. As shown in Figure 1, the destinations
of EVs consist of working and non-working areas. According to user travel data, users
within a company have similar habits when using EVs. At present, lithium-ion batteries are
the mainstream batteries for EVs, mainly composed of a positive electrode, negative elec-
trode, electrolyte, and separator. This type of battery achieves energy storage and release
through the insertion and removal of lithium ions and is widely used in EVs, smartphones,
laptops, and other fields. How to consider the interrelated dynamics among businesses,
operators, and EV users, and how to optimize the operation of EV charging and discharging
strategies to reduce the corporate cost of purchasing electricity has become a current hot
topic of research. Therefore, the main contributions of this paper are as follows:
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(1) The study comprehensively considers the electrical load demands of the company
and the willingness of employees to engage in the scheduling of EV charging and discharg-
ing. It sets out with dual objectives: to minimize the electricity purchasing costs for the
company and to reduce the charging expenses for employees who own EVs. The paper
delves into how the company’s and employees’ annual costs fluctuate under scenarios
featuring various quantities of charging piles.

(2) The research considers the diverse patterns of EV usage by employees across
various typical days. It focuses on harmonizing the interplay among the quantity of
charging piles, the profitability of operators, and the benefits to employees. To achieve this,
it establishes an optimization model for EV charging and discharging, dedicated to refining
and enhancing the strategies for their charging and discharging processes.

2. Problem Description

This paper proposes an optimization method for EV charging and discharging for
companies with EV users. This method is based on EV travel data, company electricity
demand, and electricity market prices to guide companies in determining the scale of EV
charging piles. It further optimizes the charging and discharging scheduling strategies of
these charging piles to maximize company profits while minimizing the costs for EV users.
The framework of the proposed method is shown in Figure 2, which is divided into several
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parts: (1) data preprocessing, (2) modeling of EV travel patterns, (3) optimization models,
and (4) model solving and analysis.
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The first part involves filtering the required data, including people’s travel data,
company load data, and electricity market price data. The second part establishes a
travel time variable probability distribution model, a conditional probability model for
travel distance, and spatial transfer probability based on population travel data. This
culminates in the development of an EV travel model for both weekdays and weekends.
In the third part, considering the constraints of charging and discharging of EVs, a linear
programming model is established to minimize the costs for both the company and the EV
users. The stakeholders of the charging pile are categorized into two groups: companies
and EV users. Distinct objective functions are proposed for each group of stakeholders.
For companies, the objective function is to minimize the combined cost of electricity and
investment fees. For EV users, the goal is to minimize the total cost of electricity and
battery degradation. Additionally, the performance constraints of charging piles and EVs,
travel-habit constraints of EV owners, and electricity prices in the electricity market are
also considered. The final part uses the Gurobi solver to solve the model and compares the
results from the perspectives of both company and user interests under different scenarios.

3. EV Travel Simulation Based on Improved Probability Model and Monte
Carlo Algorithm

The precision of the travel mode and probability distribution model for EV users
plays a crucial role in influencing the simulation and prediction of EVcharging load. This
paper uses the 2009 US National Household Travel Survey (NHTS) dataset as an example,
and simulates the charging load of EVs based on an improved probability model and the
Monte Carlo algorithm [23]. Lithium-ion batteries in EVs are a key energy component,
mainly composed of positive electrode, negative electrode, separator, and electrolyte [24].
Positive electrode materials are usually transition metal oxides or polyanionic compounds
with high electrode potential and structural stability. The negative electrode material is
mainly carbon material, used for storing lithium ions. The diaphragm is located between
the positive and negative electrodes to prevent direct contact and allow lithium ions to pass
through. Electrolyte is the medium for ion transport, usually composed of organic solvents
and lithium salts. During charging, lithium-ion batteries function by allowing lithium ions
to migrate from the positive electrode to the negative electrode through the electrolyte,
while electrons flow from the positive to the negative electrode via an external circuit,
thus storing energy. Conversely, during discharging, the ions migrate from the negative to
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the positive electrode, and the electrons flow in the opposite direction, releasing electrical
energy. During this process, lithium ions move back and forth between the positive and
negative electrodes, achieving the storage and release of electrical energy. The state of
charge (SOC) of an EV refers to the ratio of the current remaining charge of a lithium-ion
battery to its total capacity. SOC directly affects the range of EVs and the charging needs of
users. Frequent deep discharge and charging can affect the lifespan of lithium-ion batteries.
Therefore, intelligent charging strategies should adjust the charging rate and charging cutoff
voltage based on SOC to extend battery life. The operating status of EVs includes driving
speed, acceleration, deceleration, and road conditions. High speed driving and high-
power demand can lead to an increase in battery discharge current, which in turn causes
the battery temperature to rise. High temperature can accelerate the chemical reactions
inside the battery, which may lead to a decrease in battery performance or even thermal
runaway. The thermal management system of lithium-ion batteries should be considered
in the mechanism to ensure that the battery can operate within a safe temperature range
under various operating conditions. Driving behavior includes modes such as acceleration,
deceleration, cruising, and parking. Frequent acceleration and deceleration can cause
the battery to withstand significant charging and discharging cycles, which can increase
the internal friction and aging rate of the battery. The charging speed and efficiency of
lithium-ion batteries directly affect the charging time and range of EVs. Meanwhile, its
lifespan determines the service life and cost of EVs. The lifespan of a battery is influenced
by various factors, including charging and discharging times, charging and discharging
depth, charging and discharging rate, temperature, etc. These factors may all affect the
capacity and performance of batteries, thereby affecting the range and service life of EVs.
Because most EVs in China run on lithium-ion batteries, we conducted a unified study on
the charging and discharging behavior of EVs based on lithium-ion batteries.

3.1. Probability Distribution Model of Travel Time Variables

To enhance the accuracy of the travel variable probability distribution model, algo-
rithms such as Weibull, Stable, Normal, Lognormal, Generalized Extreme Value (GEV),
Exponential, Inverse Gaussian, Gamma, Burr Type XII, Birnbaum–Saunders, Logistic,
Loglogistic, t Location-Scale (tLS), Nakagami and Rician distributions were utilized. The
diverse distribution shapes of these algorithms can more accurately fit the probability
distribution of various travel variables.

Each distribution model mentioned above is applied to fit a specific variable, with the
objective of identifying the most effective model. The model demonstrating the optimal fit
is then chosen as the definitive model for implementation. To evaluate the accuracy of the
model, the coefficient of determination and the adjusted coefficient of determination are
utilized, as shown in Equations (1) and (2):

R2 =

n
∑

i=1
(ŷi − y)2

n
∑

i=1
(yi − y)2

(1)

R2
a = 1 − (1 − R2)× n − 1

n − p − 1
(2)

where yi represents the i sample value (out of n samples) of the dataset y to be fitted; y is
the mean value of the samples; ŷi is the fitted value of yi; and p is the number of parameters
in the probability distribution model used.

3.1.1. First Travel Start Time

In order to fit the probability distribution model of the first travel start time, we tried all
of the distribution models mentioned above and obtained the fitting accuracy when using
different models according to the determination coefficient and adjusted determination



Processes 2024, 12, 435 6 of 24

coefficient in Equations (1) and (2). Finally, the Inverse Gaussian model is used to fit the
probability distribution of the first travel start time, as shown in Figure 3, and its probability
density function is shown in Equation (3):

f (ts1|µ, λ) =

√
λ

2πt3
s1

exp

{
−λ(ts1 − µ)2

2µ2ts1

}
(3)

where µ is the mean parameter of the distribution, λ is the shape parameter of the distribu-
tion, and ts1 represents the start time of the first trip.

Processes 2024, 12, x FOR PEER REVIEW 6 of 26 
 

 

3.1.1. First Travel Start Time 
In order to fit the probability distribution model of the first travel start time, we tried 

all of the distribution models mentioned above and obtained the fitting accuracy when 
using different models according to the determination coefficient and adjusted determi-
nation coefficient in Equations (1) and (2). Finally, the Inverse Gaussian model is used to 
fit the probability distribution of the first travel start time, as shown in Figure 3, and its 
probability density function is shown in Equation (3): 

( )2
s1

s1 3 2
1 s1

( | , ) exp
2 2s

t
f t

t t
λ μλμ λ

π μ
 − − =  
  

 (3)

where μ  is the mean parameter of the distribution, λ  is the shape parameter of the 

distribution, and 1st  represents the start time of the first trip.  

(a) workday (b) weekend 

Figure 3. Probability distribution of first travel start time. 

3.1.2. Driving Time of EVs 
Depending on the type of place in the dataset, it can be divided into W (for working 

area), H (for home/residential area), and O (for other area). This paper mainly considers 
the vehicle track passing through the working area, so the driving type is divided into 
working area and non-working area (H and O areas). Based on location (two types of 
starting areas/two types of ending areas) and day type (workday/weekend), driving time 
of vehicles is classified into eight categories. The probability distribution model for eight 
types of driving time is shown in Table 1 and Figures 4 and 5. 

Table 1. Probability distribution of driving time. 

Travel Type 
Day Type 

Workday Weekend 
W to non-W Burr Stable 

non-W to non-W GEV Burr 
non-W to W Burr Stable 

W to W Burr Logistic 
W represents the working area, and non-W represents the non-working area. 

  

Figure 3. Probability distribution of first travel start time.

3.1.2. Driving Time of EVs

Depending on the type of place in the dataset, it can be divided into W (for working
area), H (for home/residential area), and O (for other area). This paper mainly considers
the vehicle track passing through the working area, so the driving type is divided into
working area and non-working area (H and O areas). Based on location (two types of
starting areas/two types of ending areas) and day type (workday/weekend), driving
time of vehicles is classified into eight categories. The probability distribution model for
eight types of driving time is shown in Table 1 and Figures 4 and 5.

Table 1. Probability distribution of driving time.

Travel Type
Day Type

Workday Weekend

W to non-W Burr Stable
non-W to non-W GEV Burr

non-W to W Burr Stable
W to W Burr Logistic

W represents the working area, and non-W represents the non-working area.
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Figure 5. Probability distribution of driving time on weekend.

3.1.3. Parking Time of EVs

According to the parking location and type of day, the parking time of vehicles is
classified into six categories. The probability distribution model for six types of parking
time is shown in Table 2 and Figures 6 and 7.

Table 2. Probability distribution of dwell time.

Travel Type
Type of Location

W O H

workday t Location-Scale GEV Gamma
weekend Logistic GEV Nakagami

W represents the working area, H represents the residential area and O represents other area.
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Figure 6. Probability distribution of parking time on workday.
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Figure 7. Probability distribution of parking time on weekend.

3.2. Probability Distribution Model for Driving Distance Conditions

Consider the driving distance d as a probability distribution that follows the condition
of driving time. Driving distance and driving time are classified in the same way, and are
classified into eight categories. According to the driving time, the driving distance under
each type is divided into four time windows, which are 0–15 min, 15–30 min, 30–45 min,
and more than 45 min. The normal distribution is used to fit the eight types of driving
distances in the i time window. The probability distribution of driving distance is shown
in Table 3 and Figures 8–15. The conditional probability density function is shown in
Equation (4):



Processes 2024, 12, 435 8 of 24

Pd(d|∆ti) =
1√

2πσi
e
− 1

2σ2
i
(d−µi)

2

(4)

where ∆ti is the i time window of the driving time; σi is the standard deviation of the dis-
tance traveled in the i time window; µi is the average distance traveled in the i time window.

Table 3. Probability distribution of driving distance.

Day Type Travel Type Driving Time Driving Distance

workday

W to non-W Burr

0–15 min Gamma

15–30 min GEV

30–45 min Nakagami

>45 min GEV

non-W to non-W GEV

0–15 min Gamma

15–30 min GEV

30–45 min GEV

>45 min Weibull

non-W to W Burr

0–15 min Nakagami

15–30 min GEV

30–45 min Nakagami

>45 min GEV

W to W Burr

0–15 min Logistic

15–30 min t Location-Scale

30–45 min GEV

>45 min Nakagami

weekend

W to non-W Stable

0–15 min Nakagami

15–30 min Poisson

30–45 min GEV

>45 min Normal

non-W to non-W Burr

0–15 min Weibull

15–30 min GEV

30–45 min GEV

>45 min GEV

non-W to W Stable

0–15 min Nakagami

15–30 min Poisson

30–45 min GEV

>45 min Weibull

W to W Logistic

0–15 min Nakagami
15–30 min Lognormal

/ /

/ /
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Figure 8. Probability distribution of driving distance of W to non-W travel type on workday.
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Figure 9. Probability distribution of driving distance of non-W to non-W travel type on workday.
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Figure 10. Probability distribution of driving distance of non-W to W travel type on workday.
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Figure 11. Probability distribution of driving distance of W to W travel type on workday.
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Figure 12. Probability distribution of driving distance of W to non-W travel type on weekend.
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Figure 13. Probability distribution of driving distance of non-W to non-W travel type on weekend.
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Figure 14. Probability distribution of driving distance of non-W to W travel type on weekend.
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Figure 15. Probability distribution of driving distance of W to W travel type on weekend.

3.3. Space Transfer Probability

The spatial transfer probability refers to the probability of a vehicle traveling from des-
tination Dm to the next destination Dm+1 within a given time. If the current destination Dm
is only related to the previous destination Dm−1 and is not related to an earlier destination,
the spatial transition probability is shown in Equation (5):

P(Dm → Dm+1) = P(Dm+1|Dm) (5)

By discretizing the vehicle travel start time of all time intervals, the spatial transition
probability can be transformed into an M × N × N three-dimensional matrix. M is the
number of discrete time intervals; N is the number of destination types. The spatial
transition probability matrix under a given time interval is an N × N two-dimensional
matrix, as shown in Equation (6):

Pti =

 pti ,D1,D1 · · · pti ,D1,DN
...

. . .
...

pti ,DN ,D1 · · · pti ,DN ,DN

 (6)

where pti ,Dj ,Dk represents the probability of departing from the current area Dj to the next
destination Dk within time interval ti. The sum of probabilities for the same column in the
matrix is 1. The diagonal element may not necessarily be 0, indicating the presence of a
portion of round-trip travel.
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3.4. Simulation of Electric Vehicle Travel Trajectory

Step 1:
The 2009 American Household Travel Survey (AHTS) dataset is used as input, dis-

tinguishing between day types and regional types. A probabilistic model of the user’s
spatio-temporal travel variables (i.e., first trip start time, trip length, stop length, and trip
distance) is established.

Step 2:
Taking the above travel probability model as input, the travel habits of EV users are

simulated by the Monte Carlo method. The probability model includes continuous proba-
bility distribution of spatio-temporal variables and a discrete spatial transfer probability
matrix. Each variable is extracted sequentially to obtain the travel trajectory of each user
for a day, and the detailed method is as follows:

(1) Taking home as the starting area of the first trip, the departure time of the first trip is
extracted according to the corresponding probability distribution.

(2) The destinations are extracted with corresponding spatial transfer probabilities based
on the obtained departure times and known starting areas.

(3) After obtaining the destination of the trip, the driving duration is extracted based on
the probability distribution corresponding to the starting point and destination. The
end time of the trip is calculated based on the start time and duration of the trip.

(4) Under the condition of the obtained driving duration, the driving distance is extracted
according to the corresponding probability distribution.

(5) The stopping duration is extracted based on the probability distribution corresponding
to the stopping location. Based on the driving end time and the stopping duration, the
departure time for the next leg of the trip is calculated to start the simulation of the
next trip.

Step 3:
By using the exhaustion method to fix the number of charging piles, the maximum

number of vehicles that can be served by the charging station at the same time can be
obtained. According to the travel habits of each EV user, the vehicle travel trajectory
through the working area is screened. Finally, according to the following rules, the charging
station can accommodate the charging and discharging of vehicles passing through the
working area to the maximum extent.

Firstly, among the vehicles passing through the working area, it is necessary to coordi-
nate and arrange the charging of vehicles that can use the same charging pile. Secondly,
vehicles that can be parked at the charging pile for a long time are arranged to increase the
time they contribute to the company’s peak shaving and valley filling. Finally, vehicles with
a higher state of charge when parked for the first time are arranged to increase the potential
of vehicles to contribute to the company’s load shaving and valley filling. The charging
and discharging strategies for EVs parked in the company’s parking lot are optimized to
minimize the company’s expenses and minimize the expenses of EV users.

4. Optimization Model for Charging and Discharging Strategies of EVs

In this section, the impact of the number of charging piles on the company’s annual
spending was first determined. Secondly, a charging and discharging strategy is estab-
lished for vehicles parked at charging piles, considering the interests of the company
(charging pile builders and operators) and employees (EV users). By comparing the re-
sults of different objective functions, the optimal EV charging and discharging strategy is
ultimately obtained.

4.1. Objective Function

This study compared two objective functions. The first objective function is to mini-
mize the company’s expenses, and the second objective function is to minimize the expenses
of EV owners. Firstly, the charging price for EVs in the parking lot is Prc (CNY/kWh)
and the discharge subsidy is Prdc (CNY/kWh). Prser (CNY/kWh) is the service fee for EV
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charging using the company’s charging pile in the parking lot, and the electricity market
has a time of use electricity price of Prgrid (CNY/kWh).

Prc = Prgrid + Prser (7)

It is worth noting that when charging an EV, the user hands over Prgrid of Prc directly
to the grid and Prser to the company. When the EV is discharged, the company will provide
all Prdc subsidies to EV users.

4.1.1. The Optimization Goal Is to Minimize Company Expenses

When a company operates and builds its own charging pile, the cost consists of
three parts: (1) the company’s daily load, (2) the construction cost of charging piles, and
(3) providing emission subsidies for EV users. The company’s revenue is the charging
service fee paid for vehicle charging. When considering the annual cost of charging
pile investment, the company will settle the initial one-time investment cost of charging
piles in equal installments. The annual cost of investment in charging piles is shown in
Equations (8)–(10):

Pcp = Prcp · Ncp (8)

Costcp_ann = Pcp
j(1 + j)n

(1 + j)n − 1
(9)

Costcp_day =
Costcp_ann

365
(10)

where Pcp is the one-time investment amount for the charging pile in CNY. Prcp is the unit
price of the charging pile (including infrastructure renovation costs, installation costs, and
maintenance costs, etc.) in CNY, taken as 9000 here; Ncp is the number of charging piles
in CNY; Costcp_ann is the annual investment amount for charging piles in CNY; j is the
compound interest factor, which is expected to be paid multiple times in equal amounts
within n years. Here, 8% compound interest is taken and settled within 10 years; Costcp_day
is the daily investment amount for the charging pile in CNY.

The daily expenses of the company are shown in Equation (11):

Costcom = (Pload − Pev_dc)× Prgrid − Pev_c × Prser + Pev_dc × Prdc + Costcp_day (11)

where Pload is the company’s regular load in kWh, Pev_c is the EV charging power in kWh,
and Pev_dc is the EV discharge power in kWh.

4.1.2. The Optimization Goal Is to Minimize Employees’ Expenses

The expenses of employees using EVs are divided into two parts: (1) the charging
electricity cost during car charging (Prc) and (2) the cost of charging and discharging losses
for EV batteries. The employee’s income is the subsidy obtained from the discharge of EVs
(Prdc). Equation (12) represents the overall expenses of employees:

Costev = Pev_c × Prc − Pev_dc × Prdc + Loss(Pev) (12)

Loss(Pev(i, t)) =
c

100
|Pev(i, t)|

Cchange

Ecap
(13)

where Loss(Pev(i, t)) represents the battery loss cost of the i EV within 1 h at time t. c is a
parameter taken based on the type of battery, where the vehicle battery is a lithium battery
with a value of 0.0157; Pev(i, t) is the average charging/discharging power of the i vehicle
during time t, with charging at Pev(i, t) ≥ 0 and discharging at Pev(i, t) ≤ 0. This is also
equivalent to the total charging/discharging amount within 1 h at time t, in kWh; Cchange is
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the cost of battery replacement, calculated based on a battery capacity of 1000 CNY/kWh,
where 40,000 CNY is taken; Ecap is the maximum capacity of the battery; here it is 40 kWh.

4.2. Energy Balance Constraint

The energy balance constraint requires that the output of the company’s electricity
within time t must be equal to the input. The power balance is shown in Equation (14). On
the left side is the daily load of the company at time t, and on the right side is the sum of
the electricity provided by the power grid at time t and the electricity discharged by all EVs
at time t. Nev represents the total number of EVs:

Pload(t) = Pgrid(t) +
Nev

∑
i=1

Pev_dc(i, t) (14)

4.3. Electric Vehicle Travel Constraints

The constraint relationship mainly includes the constraints of EV battery charging and
discharging parameters and the constraints of EV travel behavior. The constraint on the
charging and discharging power of EV batteries is shown in Equation (15):

Pdcmax ≤ Pev(i, t) ≤ Pcmax (15)

where Pdcmax is the maximum discharge power of the battery. Pcmax is the maximum value
of battery charging power. The specified discharge power is negative and the charging
power is positive.

If each vehicle user travels up to three times per day, and the starting and ending
points of the entire journey are home (H), then within a day, vehicle users can park at
the work area (W) up to two times. If the initial state of charge (SOC) of the vehicle’s
battery (starting from home) is 0.8, the SOC upon first arriving at the W area is calculated
based on the driving distance and the vehicle’s power consumption rate. Considering
that overcharging or over-discharging can lead to battery degradation, the lower limit
for charging and discharging the SOC during parking is set to 0.2, and the upper limit is
0.8. Only when the vehicle leaves the company parking lot for the last time is the battery
charged to a SOC greater than 0.85. Based on observations of vehicle trips passing through
the work area, it is found that when vehicles park twice in the work area, the W-W trips are
often short trips concentrated around the noon period. This may be due to vehicle owners
going out for lunch. Therefore, when the vehicle trip includes a W-W segment, the SOC
when departing from the work area should meet the power consumption requirements for
the W-W trip. When returning to the W area, the vehicle’s battery SOC should not be less
than 0.15. The SOC, except for the first arrival at the W area, is calculated by Equation (16).
Equations (17) and (18) show that vehicle i only stops in the W area once:

SOC(i, t) = SOC(i, t − 1) +
Pev(i, t)

Ecap
(16)

0.2 ≤ SOC(i, t1) ≤ 0.8 (17)

SOC(i, t1end) ≥ 0.85 (18)

where t1 indicates that the vehicle only stops in the W area once a day, that is, any hour
except the last hour during the time of parking in the company’s parking lot. t1end represents
the last hour when the vehicle is parked in the company parking lot. It should be noted
that SOC is a state variable. When talking about t, SOC refers to the value of SOC at the
last moment of the corresponding small time at t. The SOC at 2 refers to the SOC at 02:00.

Equations (19)–(22) show the constraint of SOC when vehicle i stops in the W area twice:

0.2 ≤ SOC(i, t2,1) ≤ 0.8 (19)
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0.15 + SOCW−W ≤ SOC(i, t2,1end) ≤ 0.8 (20)

0.2 ≤ SOC(i, t2,2) ≤ 0.8 (21)

SOC(i, t2,2end) ≥ 0.85 (22)

where t2,1 indicates that the vehicle is parked in the W area twice a day, with the first
time parked in the company parking lot, excluding any hour in the last hour. SOCW−W
represents the SOC converted based on battery capacity to support the electricity required
for vehicle W-W travel; t2,1end represents the last hour when the vehicle first stops at the
company parking lot; t2,2 indicates that the vehicle is parked in the W area twice a day, with
the second time parked in the company parking lot, excluding any hour in the last hour;
t2,2end represents the last hour of the vehicle’s second stop at the company parking lot.

5. Case Study

Firstly, this section introduces the input data of the model. Secondly, the impact of
the number of charging piles on the company’s annual spending is explored. Finally, the
scheduling of charging and discharging for vehicles parked in the parking lot is optimized.
We compare and analyze the profit differences between companies and EV users under
different objective functions.

5.1. Input Data

Based on the available time-of-use electricity pricing data and the residential electricity
load data (substituting for the company’s power load data in this paper), the k-means
clustering method is applied to obtain eight typical weekdays and four typical weekend
days. The time span covers a whole year’s data, resulting in different typical days, which
are used for calculating annual costs. The number of vehicles passing through the W area
on the selected typical days is shown in Table 4. The parameters of EVs are shown in
Table 5. Table 6 shows the electricity market price information used in this paper.

Table 4. Number of typical daily vehicles.

Day Type Number of Vehicles

Workday1 44
Workday2 35
Workday3 36
Workday4 36
Workday5 44
Workday6 37
Workday7 31
Workday8 37
Weekend1 11
Weekend2 10
Weekend3 7
Weekend4 8

Table 5. Electric vehicle parameters.

Electric Vehicle Parameters Value

Battery capacity 40 kWh
Maximum charge power 7 kW

Maximum discharge power 0.8 kW
Consumption rate 0.18 kWh/km

Battery replacement cost 1000 CNY/kWh
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Table 6. Electricity market prices.

Time
The Company’s

Electricity Purchase
Price (CNY/kWh)

Electric Vehicle
Charging Price

(CNY/kWh)

Vehicle Discharge
Subsidy (CNY/kWh)

22:00~07:00 0.2399 0.3023 0.15

07:00~09:00

0.916 1.2884 0.515:00~17:00

21:00~22:00

09:00~15:00
1.0027 1.4167 0.7

17:00~21:00

5.2. Results and Discussion
5.2.1. The Objective Function Only Considers the Economic Benefits of the Company

It is known that the expenses of the company consist of regular load electricity costs,
discharge subsidies for EV users, charging service fees collected from EV users, and in-
vestment costs for charging piles. The participation of EV users can be categorized into
full participation, 75% participation, and 50% participation. By minimizing the company’s
spending objective function, we can establish a relationship between the annual spending
of the company and the number of charging piles as depicted in Figure 16.

Processes 2024, 12, x FOR PEER REVIEW 17 of 26 
 

 

  
(a) All EV users (b) 75% EV users 

(c) 50% EV users 

Figure 16. Annual spending of the company and EV users considering only the companyʹs benefit. 

5.2.2. The Objective Function Only Considers the Economic Benefits of the EV Users 
The cost to EV users includes charging service fees, EV discharge subsidies issued, 

and the costs of battery degradation caused by charging and discharging. When the 
objective function considers only the minimization of EV users’ costs, the annual spending 
of the company increases with the number of charging piles, as shown in Figure 17. This 
is because, under this objective, EV users are no longer keen to earn discharging subsidies 
and only participate in the company’s scheduling plans. However, even with an increase 
in the number of dispatchable vehicles, the company can only earn limited charging 
service fees. The trend in annual total expenses for EV users is the same as the above 
example, but the annual spending for EV users has decreased compared to the above 
example. This is also the result of considering the cost of EV users in the objective function. 

25 30 35 40 45 50
3246000

3248000

3250000

3252000

3254000

3256000

3258000

3260000

3262000

3264000

 Company annual spending
 EV users annual spending

Number of charging piles

C
om

pa
ny

 a
nn

ua
l s

pe
nd

in
g 

(C
N

Y
)

170000

180000

190000

200000

210000

220000

230000

240000

 E
V

 u
se

rs
 a

nn
ua

l s
pe

nd
in

g 
(C

N
Y

)

20 22 24 26 28 30 32 34 36
3254000

3256000

3258000

3260000

3262000

3264000

3266000

3268000

3270000

 Company annual spending
 EV users annual spending

Number of charging piles

C
om

pa
ny

 a
nn

ua
l s

pe
nd

in
g 

(C
N

Y
)

135000

140000

145000

150000

155000

160000

165000

170000

175000

 E
V

 u
se

rs
 a

nn
ua

l s
pe

nd
in

g 
(C

N
Y

)

14 16 18 20 22 24 26

3264000

3266000

3268000

3270000

3272000

3274000

 Company annual spending
 EV users annual spending

Number of charging piles

C
om

pa
ny

 a
nn

ua
l s

pe
nd

in
g 

(C
N

Y
)

90000

95000

100000

105000

110000

115000

120000

125000

 E
V

 u
se

rs
 a

nn
ua

l s
pe

nd
in

g 
(C

N
Y

)

Figure 16. Annual spending of the company and EV users considering only the company’s benefit.
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As can be seen from Figure 16a, when the quantity of charging piles reaches 34, the
company’s annual spending is the smallest. When the quantity of charging piles is less than
34, the more charging piles, the less the annual spending of the company. This is because,
at this stage, the company’s revenue comes from collecting service fees paid by EV users, as
well as using the low-cost electricity emitted by EVs during peak tariff periods. When the
quantity of charging piles exceeds 34, the company’s annual fee increases with the quantity
of charging piles. This is because the cost of investing in charging piles exceeds the charging
service fees charged. As the quantity of charging piles increases, the total annual cost for
EV users begins to grow rapidly and then levels off. This is because when the number of
charging piles reaches a certain level, the number of vehicles that can be served increasingly
approaches the total number of vehicles parked in the company’s parking lot. When the
quantity of charging piles is greater than or equal to 44, the total annual cost of EV users
remains unchanged and no longer increases with the increase in the quantity of charging
piles. This is because the maximum number of vehicles in a typical day is 44, indicating
that the number of charging piles is already sufficient to meet the charging/discharging
needs of all vehicles.

Figure 16b,c show the same rule. In Figure 16b,c, the number of charging piles that
make the company’s annual spending minimum is 24 and 17, respectively, and the number
of charging piles that make the annual cost stable for EV users is 33 and 22, respectively.

5.2.2. The Objective Function Only Considers the Economic Benefits of the EV Users

The cost to EV users includes charging service fees, EV discharge subsidies issued, and
the costs of battery degradation caused by charging and discharging. When the objective
function considers only the minimization of EV users’ costs, the annual spending of the
company increases with the number of charging piles, as shown in Figure 17. This is
because, under this objective, EV users are no longer keen to earn discharging subsidies
and only participate in the company’s scheduling plans. However, even with an increase in
the number of dispatchable vehicles, the company can only earn limited charging service
fees. The trend in annual total expenses for EV users is the same as the above example, but
the annual spending for EV users has decreased compared to the above example. This is
also the result of considering the cost of EV users in the objective function.

The charging service fees and the discharging subsidies for EVs under the two objective
functions are shown in Figure 18. Here, Group A represents the results considering only
the company’s costs, while Group B represents the results considering only EV users’ costs.
From the figures, it is evident that when only user interests are considered, Evs do not
frequently participate in the company’s charging and discharging scheduling. It can also
be observed from the EV discharging subsidies in Group B, which show no significant
fluctuation with the increase in the number of charging piles. Therefore, it can be inferred
that when only considering the interests of EV users, without altering the electricity market
prices and the vehicle charging and discharging prices, the willingness of EV users to
participate in electricity scheduling remains unchanged.

5.2.3. The Objective Function Considers Both the Interests of the Company and EV Users

The objective function is set to the sum of the company’s expenses and the EV users’
expenses under different weights, as shown in Equation (23):

Cost = α · Costcom + β · Costev (23)

where α represents the weight of company expenses, and β represents the weight of EV
user expenses, α + β = 1.

Figures 19 and 20 show the variation in costs for the company and EV users with
the number of charging piles under objective functions with different weights. Through
analysis of the figures, when the EV users’ costs are dominant in the objective function,
both the annual costs for the company and the annual costs for EV users exhibit the same
trend and almost equal values. This is because in the scenario where EV users’ costs are
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predominant, the charging and discharging scheduling strategies are essentially consis-
tent, that is, minimizing battery degradation, only undertaking necessary charging, and
participating in limited discharging plans. Also, since the electricity market prices remain
constant, there are no additional incentives to motivate EV users to change this behavior.
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Figure 17. Annual spending of the company and EV users considering only the EV users’ benefit.

In the case of not optimizing vehicle charging and discharging, that is, when the vehicle
arrives at the station, it will start charging, and after charging to SOC to 0.8, the power will
be transferred without affecting the subsequent travel, as shown in Figures 19 and 20 below.
With the participation of all EV users, when the objective function only considers the cost
of the company, it can be concluded that the company annual spending of the optimized
scheme is 0.725% less than that of the non-optimized scheme. If the objective function only
considers EV cost, it can be concluded that the EV annual cost of the optimized scheme is
36.443% less than that of the non-optimized scheme.

In the case of 75%EV user participation, when the objective function only considers
the company’s cost, it can be concluded that the company annual cost of the optimized
scheme is 0.544% less than that of the non-optimized scheme. If the objective function only
considers EV cost, it can be concluded that the EV annual cost of the optimized scheme is
60.793% less than that of the non-optimized scheme.

In the case of 50%EV user participation, when the objective function only considers
the company’s cost, it can be concluded that the company annual cost of the optimized
scheme is 0.419% less than that of the non-optimized scheme. If the objective function only
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considers EV cost, it can be concluded that the EV annual cost of the optimized scheme is
38.003% less than that of the non-optimized scheme.
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Figure 18. The charging service fees and discharging subsidies under two objective functions.
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Figure 19. Annual spending of the company with different weights in the objective function.

The trends in EV battery loss, EV users’ charging service fees, and EV users’ discharg-
ing subsidies also clearly show that when EV users’ costs dominate the objective function,
users’ enthusiasm for discharging significantly decreases, as shown in Figures 21–23.

Investment return rate is a way to measure the economic return that a company
receives from investment activities. The return on investment for the company in charging
piles is shown in Equation (24). The company’s profit is the difference between the cost
without installing charging piles and the cost with installing charging piles, where the cost
without installing charging piles consists only of the company’s regular load electricity
charges. The change in the company’s return on investment with the variation in the
number of charging piles is shown in Figure 24. As the number of charging piles increases,
the company’s return on investment decreases. This indicates the need to find a balance
between the company’s return on investment and the annual expenditure of EV users, so
that both the company and EV users can achieve good returns.

ROI =
Pload · Prgrid − (Pload − Pev_dc) · Prgrid + Pev_c · Prser − Pev_dc · Prdc − Costcp_ann

Pcp
(24)
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Figure 21. EV battery loss under different weights in the objective function.
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Figure 22. EV users’ charging service fee under different weights in the objective function.
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Figure 23. EV users’ discharging subsidies under different weights in the objective function.
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6. Conclusions

This paper presents an optimization model for EV charging and discharging strategies
that considers both company and employee (EV user) benefits to minimize their combined
annual costs. The relationship between the number of charging piles and the company’s
and EV users’ benefits is discussed in depth to explore the optimal charging pile investment
size for the company. Considering the different travel modes of employees using EVs, the
EV charging and discharging strategies are optimized. Based on the research results, the
following conclusions can be drawn:

(1) With the regular number of EV trips and travel habits, when the goal is to minimize
the company’s expenses, the company’s annual spending will reach a minimum at
a certain determined number of charging piles, that is, the optimal charging pile
investment size for the company.

(2) When the expense of EV users dominates the objective function, EV users are more
concerned about battery depletion and are significantly less motivated to participate
in scheduling.

(3) The responsiveness of EV users to participate in charge/discharge scheduling at a
constant tariff does not change with an increase in EV users. Flexible incentives are
needed to motivate EV users to deeply participate in charge/discharge scheduling.

This article studies the charging and discharging strategies for EVs based on consider-
ing the user’s travel mode and the operational efficiency of charging piles, but it still lacks
comprehensive consideration. In future research, the micro factors that affect the charging
and discharging of EVs can be further considered. The charging and discharging laws of
EVs are influenced by battery materials, including cathode materials, anode materials, and
electrolytes. To optimize the performance of EVs, it is necessary to choose appropriate bat-
tery materials to achieve a balance between energy density, charge and discharge rate, cycle
life, and safety. At the same time, it is also necessary to optimize the battery management
system to better control the charging and discharging process of the battery, and improve
the efficiency and lifespan of the battery.
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