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ABSTRACT: Aiming at the problem of increasing the peak-to-valley difference of grid load and the rising cost of
user charging caused by the disorderly charging of large-scale electric vehicles, this paper proposes a coordinated
charging scheduling strategy for multiple types of electric vehicles based on the degree of urgency of vehicle use. First,
considering the range loss characteristics, dynamic time-sharing tariff mechanism, and user incentive policy in the low-
temperature environment of northern winter, a differentiated charging model is constructed for four types of vehicles:
family cars, official cars, buses, and cabs. Then, we innovatively introduce the urgency parameter of charging demand
for multiple types of vehicles and dynamically divide the emergency and non-emergency charging modes according to
the difference between the regular charging capacity and the user’s minimum power demand. When the conventional
charging capacity is less than the minimum power demand of the vehicle within the specified time, it is the emergency
vehicle demand, and this type of vehicle is immediately charged in fast charging mode after connecting to the grid.
On the contrary, it is a non-emergency demand, and the vehicle is connected to the grid to choose the appropriate
time to charge in conventional charging mode. Finally, by optimizing the objective function to minimize the peak-
to-valley difference between the grid and the vehicle owner’s charging cost, and designing the charging continuity
constraints to avoid battery damage, it ensures that the vehicle is efficiently dispatched under the premise of meeting
the minimum power demand. Simulation results show that the proposed charging strategy can reduce the charging cost
of vehicle owners by 26.33%, reduce the peak-to-valley difference rate of the grid by 29.8%, and significantly alleviate
the congestion problem during peak load hours, compared with the disordered charging mode, while ensuring that
the electric vehicles are not overcharged and meet the electricity demand of vehicle owners. This paper solves the
problems of the existing research on the singularity of vehicle models and the lack of environmental adaptability and
provides both economic and practical solutions for the cooperative optimization of electric vehicles and power grids in
multiple scenarios.

KEYWORDS: Electric vehicle; orderly charging; charging costs; time-of-use electricity price; vehicle emergency degree

1 Introduction

In recent years, due to environmental issues and fossil energy tension, new energy technology, and
electric vehicle (EV) rapid development [1]. By the conclusion of 2022, China’s electric vehicles had surpassed
13.1 million. Large-scale EVs connected to the power grid during peak hours will intensify the load
fluctuations of the distribution system [2,3], leading to an exacerbation of the peak-valley difference, resulting
in “peak on-peak” and other complications, and precipitating equipment overload, loss increase, and other
deleterious effects [4-6].
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Electric vehicles have good flexibility, and the load pressure of the power grid can be reduced through
reasonable charging scheduling [7]. The scheduling strategy includes but is not limited to controlling EV
charging start time, charging duration [8], charging power, and other parameters [9]. Literature [10] clusters
electric vehicles with similar travel characteristics, integrates EV load resources through aggregators and
provides differentiated services for users with different consumption preferences. Literature [11] proposed
a cluster EV master-slave game optimization strategy. This strategy involves the simulation of user travel
behavior, the integration of EV load resources, the optimization of pricing and charging and discharging
strategies, and the achievement of Nash equilibrium. The result of this strategy is improved grid revenue and
user satisfaction. In literature [12], the scheduling priority is determined by combining the actual charging
demand of EVs in each period, and the charging coefficient is modified according to the priority to ensure
the fairness of charging. In literature [13], the first-level optimization objective is to reduce the charging
cost of the vehicle owner, and the second-level optimization objective is to reduce the load fluctuation
of the power grid. The low-complexity scheduling algorithm for EVs is employed to ascertain the EV
charging demand priority, with this determination being informed by the EV charging characteristic index.
Literature [14] considered the starting and ending charging time of electric vehicles, coordinated the charging
time and charging power of vehicles, and avoided a large number of EVs charging at the peak load of the
power grid. As demonstrated in the literature [15], the integration of deep learning models with machine
learning algorithms to predict demand has been shown to enhance charging efficiency, grid stability, and
user experience. Literature [16] proposes bidirectional power flow to enhance grid flexibility and stability
and combines it with a photovoltaic system to promote renewable energy consumption. However, it relies
on specific hardware, with high promotion costs. The coordination method proposed in the literature [17]
transfers the load demand from the peak period to the trough period and determines the charging power
according to the power demand and charging time, respectively from the daytime and the charging time.
Look for the minimum peak-valley difference scheduling method on both nights. However, its coordinated
charging method is to charge multiple times when the electricity price is low instead of continuous charging,
which has a great impact on the battery and causes the owner to be reluctant to participate in the scheduling.
Literature [18] takes the lowest charging cost of electric vehicle owners as the goal and fully considers the
charging economy. However, there is a lack of consideration of the urgency of the vehicle, and the charging
needs of electric vehicle owners are usually different.

In addition, various time-of-use electricity price mechanisms are proposed to guide the user’s electricity
consumption behavior and reduce the load fluctuation of the distribution network and the user’s charging
cost. Literature [19] proposed the charging strategy of electric buses under the time-of-use electricity price
scenario and established an optimization model with the goal of minimizing the fluctuation of vehicle
charging load, which reduced the load fluctuation of microgrids and saved the charging cost. Literature [20]
proposed an economic dispatching strategy for a regional power grid was developed, taking into account
the variation in time-of-use electricity prices. This strategy was found to result in a reduction in charging
costs and an enhancement in economic efficiency. Literature [21] established a hierarchical charging model
for large-scale electric vehicles, considering the charging price, user demand, charging power, and other
characteristics to find the optimal charging scheme and access the charging load at the valley of the grid load.
Nevertheless, given the paucity of models, it is impracticable to accurately match large-scale electric vehicles.
Based on the operation of the power grid, literature [22] established a time-of-use pricing model related to
the charging price and the charging load of the vehicle. Considering the charging cost, driving time, and
travel distance, a charging scheduling scheme with charging price guiding users is proposed. Nevertheless,
this approach fails to consider the issue arising when a significant number of loads connect to the power grid
during low-cost periods, potentially creating a new peak in demand.
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The northern region’s geographic location is associated with low temperatures during winter months,
which, when compounded with prolonged in-vehicle heating and external low temperatures, can impede
the effective charging of electric vehicles. This issue is further exacerbated by the accelerated rate of EV
power consumption. To address these challenges, this paper proposes an EV charging scheduling model
that incorporates an urgency parameter to assess charging demand. The research methodology involves
a comprehensive study of the time and driving characteristics of four models to establish an EV load
model. Subsequently, the EV charging and power consumption model is introduced, taking into account
the actual situation, including the range depreciation problem and charging continuity problem in northern
winter. A coordinated charging strategy that considers the urgency of charging demand is proposed. Finally,
the effectiveness of the strategy proposed in this paper is validated through simulations. The findings
indicate that the proposed scheduling strategy effectively reduces the charging cost for vehicle owners while
enhancing the security and stability of the power grid. Furthermore, it has been observed that this strategy
can effectively transfer the load demand from peak hours to oft-peak hours.

2 Electric Vehicle Charging Load Model
2.1 Electric Vehicle Time Characterization Model

The travel time characteristics of electric vehicles obey normal distribution, and this paper sets each
electric vehicle to participate in dispatching only once a day. Four types of electric vehicle groups with
different characteristics are fully considered to better fit reality, and electric vehicles are categorized into
family cars, business cars, buses, and cabs.

In the case of domestic vehicles, EV owners initiate the charging process upon returning home from
work and conclude it before departure for work. For buses, the vehicle’s operational hours and routes are
relatively fixed, with charging occurring during nocturnal hours and concluding during diurnal hours. Both
types of vehicles are connected to the grid during nocturnal hours and disengaged from the grid during
diurnal hours, exhibiting analogous time characteristics. Through function fitting, the EV arrival time and
departure time adhere to a normal distribution:
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Official vehicles are used for daily official travel, and in order to prevent problems when charging is left
unmanaged at night, the charging time of the official vehicles is set to place the vehicles in the parking lot
for charging during the daytime after the staff members have gone to work. The temporal occurrence of the
official vehicle’s connection to and disconnection from the grid conforms to a normal distribution:
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The charging of taxis is characterized by a high degree of randomness due to their operation throughout
the day. To address this issue, the Monte Carlo method was employed to randomly select taxi start
charging times.

2.2 Electric Vehicle Scheduling Time Division

In order to improve the scheduling accuracy as well as the reasonableness of the charging cost
calculation, the scheduling plan is executed in time segments, where the 24 h of the day are divided into
96 times segments in the model, each of which is 15 min in length, and the scheduling behavior, as well as
the charging cost, are calculated according to the time segments. Therefore, the arrival period and departure
period of each vehicle are:
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In the aforementioned formula: the quantity of vehicles is denoted by N; ¢ and t%* represent the
connection and disconnection times of the i-th vehicle, respectively; Similarly, RS and R% are the time
periods when the i-th EV is connected to the grid and disconnected from the grid, respectively; The time
period parameter, designated as AR, is taken to be 0.25. It is important to note that the arrival time period is
rounded upward, while the departure time period is rounded downward. Specifically, when an EV connects
to the grid at the midpoint of a designated time period, its charging is scheduled to commence in the
subsequent integer time period. Similarly, if an EV needs to depart from the microgrid at a specific time
period, its scheduling behavior can only be cut off to an integer time period prior to its departure.

2.3 Electric Vehicle Daily Driving Range

The daily range of electric vehicles is a critical metric for evaluating the performance of different EV
models. It quantifies the amount of electricity consumed by an EV over the course of a day and serves
as a determining factor in the vehicle’s state of charge (SOC) when it is connected to the grid. The 2021
American Household Travel Survey Data (NHTS2021) serves as the primary data source for this study.
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Through rigorous statistical analysis, including function fitting techniques, it has been determined that the
number of EVs follows a lognormal distribution, with a density function expressed as:

_(lnx - yd)z]

1
fa(x) = voa/on exp [ 202 (7)

In Eq. (7): x is the EV daily mileage expressed in kilometers; 04 and g4 are the variance and mean,
respectively, and the variance and mean vary with different types of vehicles driving characteristics.

To prevent overcharging from affecting vehicle batteries, this paper sets the charge state of all-electric
vehicles when they are disconnected from the grid as Sg;s, 0.8 < S4is < 1. Through the daily mileages of each
vehicle, the state of charge S. when each vehicle starts to charge can be calculated as follows:

Sc = Sqis — da (8)

@x=0t+a (9)

In Eq. (8): a represent the proportion of electrical energy consumed by an electric vehicle for traveling
one kilometer. In consideration of the research background of this paper, which is suitable for the low-
temperature environment in winter, a includes the electric energy consumed by the vehicle driving and
the electric energy consumed by heating. As delineated in Eq. (9), a; signifies the proportion of power
consumption allocated to the operation of the electric vehicle motor, while a, denotes the percentage of
electric energy expended for vehicle heating [23].

2.3.1 Electric Private Car Model

The utilization of electric private vehicles is primarily for daily commuting and suburban activities. With
regard to long-distance travel, private cars are connected to the power grid after the owner returns home at
approximately 6:00 p.m. Conversely, the vehicle is disconnected from the power grid when the owner departs
at 8:00 a.m. The time at which the electric vehicle is connected to and subsequently disconnected from the
power grid follows a normal distribution [24]. In this paper, the “BYD Qin” electric vehicle is selected as the
object of data simulation, and the driving is carried out in the case of pure electricity by default. The battery
capacity of the car is 18 kW-h, the full power mileage is 120 km, and the power consumption per 100 km is
14.5 kW-h, &y = a, = 1. This paper does not consider long-distance travel, and the daily mileage of private
cars is about 40 km. Pursuant to the aforementioned analysis, the mean and variance of the time of private
cars connected to the power grid are as follows: pc =18, 81 = 3.3, the mean and variance of the time of
leaving the power grid are: y;qis = 8, d1tdis = 3.24, and the daily mileage obeys the lognormal distribution N
(3.8,0.722).

2.3.2 Electric Business Car Model

The electric official vehicle is connected to the power grid for charging during the period from the
morning management staff to the evening management staff, and the charging behavior is carried out during
the day. In order to unify the analysis, the “BYD Qin” electric vehicle is used as the object of data simulation,
and the driving is performed by default in the case of pure electricity. The battery capacity of the car is
18 kW-h, the full power mileage is 120 km, and the power consumption per 100 km is 14.5 kW-h. The power
consumption characteristics of official cars are the same as those of private cars, a; = a, = 1. It has been
demonstrated that charging official vehicles once per day is sufficient to meet their travel requirements.
Official vehicles are used for daily administrative affairs commuting, regardless of long-distance driving, and
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their daily mileage is similar to that of private cars. Pursuant to the aforementioned analysis, the mean and
variance of the time of official vehicles connected to the power grid are as follows: pyc = 8.5, 8¢ = 3.3, and
the mean and variance of the time of leaving the power grid are: y4is = 17.5, 82tdis = 3.24. Daily mileage obeys
lognormal distribution N (3.8,0.722).

2.3.3 Electric Bus Model

Given their indispensable role in urban mobility, buses must operate continuously during the day.
According to the survey, bus operation hours are from 6:00 a.m. to 9:00 p.m. The daily mileage of buses is
approximately 140 km. The “BYD K9” model is used as the object of data simulation. The battery capacity
of this model of electric vehicle is 324 kW-h, the full power range is 250 km, and the power consumption
per 100 km is 140 kW-h, a; = 0.4, a, = 0.2. The research situation in this paper is winter. Long-term
heating will consume a certain amount of electricity, so it needs to be charged every night. According to the
aforementioned analysis, the mean and variance of the bus access time to the grid are as follows: p3¢. = 22,
03tc = 1, and the mean and variance of the time to leave the grid are: y314is = 5.5, J3tdis = 1. Daily mileage obeys
lognormal distribution N (4.4,0.352).

2.3.4 Electric Taxi Model

Electric taxi owners have high requirements for charging time and the charging time period is not fixed.
In this paper, it is set that all taxis adopt fast charging mode and randomly generate the time of access to
the power grid. From the start of fast charging to the satisfaction of the required battery capacity, the taxi
is disconnected from the power grid. According to the survey, the daily mileage of taxis is approximately
300 km. The “BYD E6” electric vehicle, with its battery capacity of 82 kW-h, a range of 400 km, and a power
consumption of 20.5 kW-h per 100 km, has been selected as the object of data simulation. a; = 0.3, a; = 0.2.
According to the above analysis, the daily mileage data is found to be distributed according to the lognormal
distribution, N (5.1,0.352).

2.4 Dynamic Time-of-Use Electricity Price and Incentive Policy

The dynamic time-of-use electricity price model examined in this section employs a two-level price
composition mechanism. The objective of this mechanism is to achieve coordinated optimization of electric
vehicle load and power grid operation through the use of economic incentives. The model is composed of two
components: the basic electricity price and the dynamic floating coefficient. The mathematical representation
is demonstrated in Eq. (10):

C(r)=Ci(1+Cy) (10)

In the aforementioned formula, C(r) denotes the charging price for period r; C; represents the
fundamental electricity price in the region; Cj signifies the floating ratio of each period relative to the base
price; and k =1, 2, 3, 4. The entire day-long operation cycle is segmented into four distinct periods, which
correspond to the period of peak electricity consumption, the ordinary period of electricity consumption,
the period of low electricity consumption, and the period of low electricity consumption. The value of Cy in
each period is determined by the principle of “positive correlation between load level and electricity price”.

The implementation of specific incentive policies aimed at incentivizing electric vehicle users can serve
to mobilize their enthusiasm for participation in grid interaction. It is imperative to note that electric vehicles
are designed to adhere to the scheduling strategy outlined in this paper, with a maximum frequency of once
per day. The compensation mechanism outlined in this paper is contingent upon the daily load of electric
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vehicles that are engaged in the scheduling process for charging. The incentive for the i-th EV is shown in
the following equation:

Cl=Aq-ps (11)

As delineated in the aforementioned formula, the excitation coefficient is denoted by A,, and the
charging amount of the i-th electric vehicle engaged in the scheduling process is indicated by p$.

3 Electric Vehicle Scheduling Strategy Considering the Urgency of Charging Demand
3.1 Electric Vehicle Orderly Charging Scheduling Strategy
The sequential charging scheduling strategy for EVs in this paper is illustrated in Fig. 1:

Vehicle information Vehicle information
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! | EVinitial Time-sharing |! 1 Scheduling model ! || Charging power | |
| | “soc tariff N 9 b |
! _ =2 Electric vehicle |1 Charging time | |
i | Charging EV SOC i || charging urgency |1 | _ |
} time Requirements || | } } Charging costs | |

| |
|

Figure 1: Electric vehicle scheduling model

While the EV is connected to the microgrid, the owner sets the lower state of charge of the electric
vehicle demand, the higher SOC of the electric vehicle battery demand, and the expected time to leave the
grid through the vehicle-machine interface. The aggregator integrates the owner’s information, the current
electricity price, the vehicle access time, and the SOC when the electric vehicle is connected to the microgrid.
The objective of the scheduling is to satisfy the user’s travel demand, thereby minimizing the consumer’s
charging overhead and distribution network load fluctuations. Furthermore, the scheduling serves to reduce
the peak-to-valley difference in the power grid.

3.2 Emergency Determination of Charging Demand

The scheduling model suggested in this article is based on the user’s charging demand, which needs to
be scheduled during the time period when the electric vehicle is plugged into the grid. The time period for
electric vehicles to access the microgrid is:

d di
R{“ = R™ — R§ (12)

In the above equation: RS represents the time interval during which the i-th vehicle is connected to the
microgrid, and it is necessary to ensure that the scheduling behavior is arranged in these time periods.

The classification of electric vehicles is divided into four categories. Among them, private cars and
official cars are divided into fast charging and conventional charging according to the urgency of charging
demand. The taxi model employs a rapid charging method, while the bus model utilizes a conventional
charging approach. In this article, the emergency parameter A of electric vehicle charging demand is
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determined by the charging amount E of conventional charging mode and the minimum load requirement
M of the electric vehicle within the specified time:

E;=(R{*-AR)P*- g (13)
M;=(SP™ -s5°")-B (14)
A,’ = E,’ - M,‘ (15)

In the above equation: P° denotes the conventional charging power employed for EVs; The parameter
n signifies the efficiency with which electric vehicles are charged; S*** represents the maximum SOC
requirement set for the i-th electric vehicle upon disconnection from the power grid; S7°" is the SOC when
the i-th vehicle is connected to the power grid; The parameter B signifies the capacity of the battery of the EV.
For private and official vehicles, when A; > 0, it indicates that the charging demand of the i-th electric vehicle
is not urgent, the charging amount of conventional charging mode meets the minimum power demand,
thus employing a standard charging mode. Conversely, when A; < 0, it signifies an urgent charging demand
for the i-th electric vehicle, the charging amount of conventional charging mode is not enough to meet the
minimum power demand, necessitating the use of a fast-charging mode.

3.3 Selection of Different Emergency Charging Modes for Electric Vehicles

In this paper, two charging modes are considered: fast charging and conventional charging. These modes
are selected based on the actual situation. Fast charging mode reduces the charging time of electric vehicles
by employing a higher charging current and voltage. However, this mode also has an impact on battery life.
Consequently, fast charging mode is typically used in emergency situations. In the scheduling mode of this
paper, the selection of charging mode is determined by the emergency parameter A of charging demand:

Pf A, <o
Pi:{ b oA 0 (16)

In the above equation: P; represents the charging power specific to the i-th EV; P' denotes the power
utilized during rapid charging sessions; P* is designated to represent the conventional charging power.

This paper defines the scheduling parameter x to fit different electric vehicle charging states and charging
costs:

. { 0 Not charging 1)

1 Charging

In the above equation: the scheduling parameter x is a 0-1 variable, and when x = 0, the i-th vehicle is
not charging at the r-th time period. When x = 1, the i-th vehicle is charging at the r-th time period. In the
event that the i-th vehicle has an emergency charging demand, it is possible to set it to 1 in the time period
connected to the power grid until the end of charging. It is essential to ensure that EVs with emergency
charging requirements can be charged to a higher SOC during charging time.

3.4 Optimization Model Considering Charging Urgency of Electric Vehicles

The objective of the scheduling methodology presented herein is twofold: to mitigate the peak-to-valley
load disparity within the microgrid and reduce the charging fees that car owners need to pay. The aggregate
load on the microgrid comprises the baseline load and the charging load, with the latter further categorizable
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as rapid-charging load and standard-charging load for EVs. The grid load during the r-th time interval is
given by:

N
P;:Pl:as+2xi,fxpi (18)

i=1

In the aforementioned equation: P} represents the fundamental grid load during the r-th time period;
P; denotes the charging power of the i-th EV, which is differentiated into rapid charging power and standard
charging power.

The grid load curve variance is indicative of the magnitude of load fluctuation in the grid during a day.
As demonstrated in Eq. (19), the greater the variance, the more significant the load fluctuation during that
time period. Conversely, the smaller the variance of the load curve, the more uniform the load change of the
grid during that time period:

T
F=rY (P-P) (19)

t=1

In the above equation: T represents the total number of scheduling time intervals, which is set to 96 for
the purposes of this analysis; P; is the total system load after adding EV charging load at time period t; cP
signifies the average load of the system.

3.4.1 Objective Function

This study establishes a scheduling model based on time-sharing tariff mechanisms. The primary
objectives are to reduce the peak-to-valley differences in grid load and to decrease the charging costs for EV
owners. The model optimizes the charging periods of EVs as the variable of interest, while also taking into
account the interests of EV owners in a practical manner.

The main objective of EV scheduling is to mitigate the peak-to-valley disparity in the electrical grid.
Accordingly, the objective function f; is formulated as follows:

fi =min (Pcmax - Pcmi“) (20)

In the above equation: f; is the minimum value of the peak-to-valley disparity in the electrical grid;
P™ js the maximum value of the microgrid load after scheduling; P™" denotes the minimum load value
of the microgrid after the implementation of the scheduling strategy.

Based on the dynamic time-of-use price mechanism, the charging cost is saved by charging at the time
of lower tariffs in the trough of the grid load, so the objective function f; is described as:

di
N Rils

f2 :minz Z Pi,r-x,’,r-(C(r) —C;V) (21)

i=1r=R{

In the above equation: f, denotes the minimum value of charging cost; N represents the total number
of EVs; RS represents the time period during which the electric vehicle is connected to the grid; R¥ is the
time interval at which the electric vehicle is scheduled to disconnect from the grid; P; , is the charging power
of the i-th vehicle in the r-th time period, which is determined by the charging demand urgency parameter
A; x; , is the scheduling variable for the i-th vehicle in the r-th time period; and C(r) is the charging tariff for
the r-th time period; C{" is the incentive cost for the i-th EV to participate in dispatch.
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Due to the disparity in orders of magnitude and quantities of the grid load peak-to-valley disparity
and charging cost, the microgrid peak-to-valley disparity is minimized as the primary objective. There-
fore, the two objective functions are subjected to normalization, thereby transforming the multi-objective
optimization challenge into a singular-objective issue, as delineated in Eq. (22):

M-fi /\z-fz)

max (PDax) — min (Pmax)  Cmax

f =min ( (22)

In the aforementioned equation: max (P**) — min (PJ**) denotes the peak-to-valley disparity of the
distribution network to meet the maximum SOC demand without scheduling; C{;?* signifies the charging
cost required for EVs to meet the maximum SOC demand without scheduling; A, and A, represent the
respective weighting factors assigned to the dual objective functions.

3.4.2 Constraint Condition

In circumstances where the demand for electric vehicle charging is urgent but the urgency is minimal,
the implementation of continuous fast charging from RS to R¥* may potentially result in battery damage due
to overcharging. To avert this scenario, it is imperative to impose constraints on the charging of EVs with
emergency charging demand, thereby ensuring that the end of EV charging does not exceed its maximum
demand charging capacity. The time period required for the i-th EV to satisfy the maximum SOC demand
is delineated as follows:

g = | (8™ -8B (23)
! Pf-n-AR

The i-th EV stops charging time period R¢" is the minimum between R4 and R{ + R{. Consequently,
the fast-charging EV constraint is defined as follows:

di di f
RE™ = { R RE<R; +R; (24)

R/ +RS, RIS >R/ +RS

The aforementioned equation compares the time period in which the owner sets the departure time
period and the time period in which the maximum charging demand of the EV is met so that the EV charging
time period ends at the integer time period preceding the smaller value of the two, which avoids battery
damage due to overcharging.

For the conventional charging mode EV, it is necessary to constrain the SOC of the EV when it leaves
the grid to meet at least the minimum power demand set by the owner:

. di
S < ST < S (25)
In the above equation: S is the amount of electricity when the i-th vehicle leaves the grid.
RF“S

> xi,-P°-AR-qy
R=R¢

S;:lis _ Slgon + (26)

B
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In order to prevent the emergence of new load peaks, the grid is constrained so that the maximum load
of the grid under coordinated charging is lower than the maximum load of the grid when the maximum
power demand of the vehicle owner is satisfied under non-coordinated charging:

max (P.) < max (P™) (27)

Moreover, in practice, while certain vehicles can be connected to the power grid for extended periods
throughout the day, considerations of owner convenience and the detrimental effects of frequent charging on
battery longevity necessitate the implementation of charging constraints to regulate continuous EV charging:

96
Z |xi,r+1 - xi,r| =2 (28)
r=1

The above formula is a charging constraint on the i-th car, using the 0-1 variable to make the absolute
value of the difference between the charging parameters of the i-th car in the two time periods before and
after the day sum to 2. It is imperative to ensure that each electric vehicle is constrained to charging and
stopping charging once a day.

3.5 The Scheduling Process Considering the Emergency of Electric Vehicle Charging

Fig. 2 illustrates the process of calculating the charging cost and the total load on the grid when the
charging mode is selected based on the degree of urgency, and the EV leaves with a charge between the
owner’s maximum and minimum power demand.

4 Calculus Analysis

This thesis, takes the charging of EVs connected to the grid in a commercial living area scenario
as an example. The thesis proposes two disordered charging modes and one ordered charging mode,
which are then considered. By comparing the charging cost and the peak-valley difference of the two
disordered charging modes satisfying S™** and S™", the efficacy of the proposed scheduling strategy has
been demonstrated.

4.1 Scenarios and Parameter Settings

In this thesis, the total scheduling time T is set to be 24 h, and the time interval is 15 min. Based on the
division of peak-valley periods, the peak-valley electricity price is established according to the average value
of the optimized dynamic electricity price. The peak-valley electricity price used in the simulation is shown
in Fig. 3, and the excitation parameter of A, set at 0.1. 100, 200, and 300 vehicles are used for simulation,
and the ratio of private cars, official cars, buses, and cabs is set to be 5:2:2:1. S™" is set to be randomly and
uniformly taken out between 0.8 and 0.9, and $™** is set to be randomly and uniformly taken out between
0.9 and 1.0.

A selection of electric vehicles was made for private and official cars, with the BYD Qin model being
selected for this purpose. For taxis, the BYD E6 model was chosen, and for buses, the BYD K9 model was
selected. The parameters for the three types of vehicles are presented in Table 1.

The departure and arrival time of EVs are found to adhere to a normal distribution, while their daily

mileage exhibits a log-normal distribution. Consequently, the MCS is employed in this study to generate data
for each EV. The parameters characterizing the driving behavior of EVs are detailed in Table 2.
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Figure 3: Time-of-use electricity tariff
Table 1: Electric vehicle parameters
Vehicle model Conventional Fast charging Battery
charging power/kW power/kW capacity/kW-h
BYD Qin 2.5 10 14.5
BYD E6 10 43 82
BYD K9 50 100 324
Table 2: Driving characteristics of electric vehicles
Vehicle type Probability distribution  Probability distribution Probability
of the starting charging of the end charging distribution of daily
moment moment miles traveled
Private vehicle N (18,3.3%) N (8,3.2%) N (3.8,0.7%)
Bus N (2LP) N (5.5,1%) N (4.8,0.2%)
Official vehicle N (8.5,3.3%) N (17.5,3.3%) N (3.8,0.7%)
Cab - - N (5.2,0.3%)

The fundamental load of the study area is modeled according to the power consumption mode, and the

results are displayed in Fig. 4.

Fig. 4 illustrates the typical base load distribution of a regional microgrid over a daily cycle. Notably,
peaks occur approximately at 6 a.m., 10 a.m., and 6 p.m., with the highest load reaching 3547.8 kW and the
lowest at 2216.1 kW. The peak-to-valley difference is 1331.7 kW, and the variance is 164, 186.88 kW2,



3236 Energy Eng. 2025;122(8)

4000

3500

3000

Load/kW

2500

2000

1500

02 4 6 8 10 12 14 16 18 20 22 24
Time/h

Figure 4: Microgrid baseload

4.2 Scheduling Results and Comparative Analysis

In the simulation, the scheduling time is set from 0:00 to 24:00 in a day, and the period of a day is divided
into 96 equal time periods with 15 min as a time period. To validate the effectiveness of the strategies proposed
in this study, three distinct charging scenarios were established and subjected to comparative analysis.

Case 1: The EV adopts the disordered charging mode to meet the minimum power demand of the electric
vehicle owner for charging.

Case 2: The EV adopts the disordered charging mode to meet the maximum power demand of the
electric vehicle owner for charging.

Case 3: A coordinated charging strategy considering urgency is adopted for charging.

Under the uncoordinated charging mode, electric vehicles initiate charging upon connection and
persist until either the designated departure time or the fulfillment of the EV’s maximum or minimum
charging requirements. The experimental outcomes pertaining to EVs employing three distinct charging
methodologies are depicted in Fig. 5. Specifically, Fig. 5a—c corresponds to the load diagrams of a microgrid
under scenarios involving the charging of 100, 200, and 300 vehicles, respectively.

== Basic load; =1 Basic load;
4000 Casel; 4000 Casel;
Case2; Case2;
——Casel3 —— Case3
350 3500
el
g 3000 g 3000
- -
2500 2500
2000 2000
02 46 8 1012141618202224 02 46 81012141618202224
Time/h Time/h Time/h

(a)100EVs (b)200EVs (c)300EVs

Figure 5: The total load of the microgrid under different scenarios. (a) Total load of the microgrid with 100 vehicles
participating in the dispatch under different scenarios; (b) Total load of the microgrid with 200 vehicles participating

in the dispatch under different scenarios; (c) Total load of the microgrid with 300 vehicles participating in the dispatch
under different scenarios
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Through the analysis of case 1 and case 2 in the above diagram, it is found that when the disordered
charging method is adopted, a large number of owners charge the vehicle immediately after returning home.
It coincides with the basic load of residents’ daily electricity consumption, resulting in a further escalation
of the grid load peak around 18 oclock, which seriously affects the security and stabilization of the electrical
power grid. Under the same vehicle scale, the peak-to-valley disparity of the microgrid and the fluctuation of
load in case 1 are greater than those in case 2. This is due to the relatively low base load level of the microgrid
at night and the limited number of vehicles available for charging at night. Under unorganized charging,
it is difficult to evenly distribute the charging load of EVs at all hours of the night. Conversely, in case 2,
the larger charging load results in a longer charging time under the same charging power, thereby partially
compensating for the lack of sufficient charging during off-peak hours. This phenomenon leads to a reduction
in the peak-to-valley disparity and variance of the microgrid compared to case 1.

In the comparison of the three vehicle sizes, case 3 is effective in reducing the load fluctuations on the
grid compared to cases 1 and 2. This is attributed to the fact that the coordinated charging approach proposed
in this paper cuts down the load peaks from 18:00 to 22:00 h and boosts the early morning load troughs from
01:00 to 05:00 h. The time period during which EVs are connected to the microgrid is fully utilized, which
leads to an even distribution of vehicle charging loads during that time period, and the charging periods of
the same type of non-emergency vehicles may be distributed over multiple low-tariff windows instead of a
single time period, thus avoiding the formation of new load spikes. Not only does it effectively reduce load
fluctuations, but it also reduces the peak-to-valley and variance of the total load.

Using the scheduling method considering the emergency degree proposed in this article, the overall
charging load of the EV is between the maximum SOC demand and the minimum SOC demand. It is proved
that the EV charging load meets the owner’s vehicle demand and there is no overcharging condition.

Fig. 6 compares the three cases from the aspect of charging cost. Compared with case 1, case 2 has alarger
charging load and costs more. Compared with case 2, case 3 can reduce the charging cost by 24.81%, 27.67%,
and 26.51% respectively under the three vehicle scales. At the same time, it is proved that the coordinated
charging strategy considering the urgency of the vehicle used in case 3 effectively utilizes the charging period
provided by the owner. When the electricity price is low, the charging is carried out. Compared with case 2,
the owner is charged at home, and the average charging cost of the owner is saved by 26.33%.
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Figure 6: Electric vehicle charging costs under different circumstances

However, with the increase of vehicle size, the percentage of charging cost reduction in case 3 is not
further reduced compared with case 2 but has a gradual upward trend. The reason is that the charging
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cost depends on the battery capacity of the vehicle and the charging time. Under the established microgrid
conditions, the system usually arranges the vehicle to be charged during a period of low grid load and low
charging cost. However, when the number of electric vehicles requiring charging reaches a certain threshold,
to avoid generating a new load peak, some vehicles must be charged during other time periods. This results
in a relative increase in charging costs. Consequently, this study demonstrates that the paper is based on
distinct charging requirements rather than on the scheduling of all vehicles collectively.

Fig. 7 compares the influence of electric vehicle charging mode on the basic load in three cases.
From Fig. 7, we can observe that the two disordered charging methods in case 1 and case 2 have a certain effect
on reducing the microgrid base load variance when the number of charging vehicles is small, but the effect is
not obvious. When the number of vehicles increases, uncoordinated charging will significantly increase the
load variance of the microgrid and enhance the microgrid load volatility. Conversely, the implementation of
coordinated charging has been observed to lead to a substantial reduction in microgrid base load variance,
with the variance decreasing by 62.1%, 86.2%, and 83.4% for 100, 200, and 300 EV's, respectively. This indicates
that coordinated charging significantly mitigates the load fluctuation of a microgrid.
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Figure 7: The effect of different scenarios on the variance of the base load

Figs. 8 and 9 compare the three situations from the aspects of micro-grid peak-to-valley disparity and
micro-grid variance. It can be seen that under the three vehicle scales, compared with case 2, case 3 can reduce
the peak-to-valley disparity of the total load of the microgrid by 40.95%, 64.34%, and 70.97%, respectively,
and reduce the variance of the microgrid by 48.41%, 83.57% and 87.93%, respectively. It can be seen that
regardless of the number of charging vehicles, the peak-to-valley difference and the volatility of the microgrid
can always be significantly reduced by using the coordinated charging strategy proposed in this paper, which
takes into account the degree of urgency of the vehicles, as compared to the unorganized charging.

However, in case 3, when the number of EVs participating in coordinated charging is 300, the load
variance of microgrid is larger than that when the number of vehicles is 200, and in the three cases, when the
number of vehicles participating in the scheduling is 200, the variance of microgrid reaches the minimum.
This is due to the limitation of the basic load of the microgrid, the charging power of EVs, and the charging
time of EVs. When the number of electric vehicles increases, the peak-to-valley disparity and volatility of
microgrids will not continue to decrease. Therefore, it is imperative to regulate the number of electric vehicles
participating in the dispatching of the power grid for a specific research area to ensure the security and
stability of the power grid.
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Figure 8: The peak-to-valley disparity of the microgrid under different scenarios
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Figure 9: The variance of the microgrid under different scenarios

4.3 Analysis of the Results Compared with Other Literature

Table 3 gives a comparison of the results of this paper’s strategy with those of other strategies pro-
posed in the literature. Literature [25] considered multiple types of electric vehicles constructed charging
load probability prediction models for each type of vehicle, and proposed a multi-objective cooperative
scheduling strategy based on a genetic algorithm. Literature [26] considered the initial SOC and average

daily mileage of electric vehicles and proposed an orderly charging strategy based on fuzzy logic and particle
swarm algorithm.

Table 3: Comparison of results of different strategies

Strategy Proportion of  Proportion of peak-valley Proportion of
charging cost difference rate variance
reduction/% reduction/% reduction/%
Strategy of this article 26.33 29.8 77.23
Strategies proposed in reference [25] - 25.7 -
Strategies proposed in reference [26] 14.83 - 33.82
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Using the scheduling strategy in this paper, compared with the case 2 disordered charging situation,
the microgrid peak-to-valley difference rate is reduced by 29.8%, the user charging cost is reduced by
26.33% on average, and the microgrid variance is reduced by 7723% on average. It can be seen that this
strategy effectively reduces the peak-to-valley difference and relieves the pressure on the grid while saving
the charging cost of vehicle owners.

5 Conclusions

This paper proposes a coordinated charging model for electric vehicles that accounts for the charging
expenses of vehicle owners and the variance of the microgrid load. The model addresses the issues of
uncoordinated charging of large-scale EVs leading to exacerbated peak loads on the grid and the insufficient
consideration of charging costs. The model proposes the concept of emergency degree for different types
of electric vehicles and controls the charging behavior of each electric vehicle by analyzing the remaining
rechargeable time and the time required to reach the target state of charge. The effectiveness of this approach
is verified through case studies, with the main conclusions presented as follows:

(1) In this paper, the emergency parameters of charging demand are introduced to schedule each electric
vehicle independently, which avoids the problem of insufficient charging or overcharging that may occur in
the overall scheduling, and has practical application value. The implementation of the proposed scheduling
strategy has been shown to result in a 26.33% reduction in the average charging cost for vehicle owners
and a 77.23% reduction in the average variance of microgrids. This approach achieves a mutually beneficial
economic outcome while concurrently enhancing the safety of power grid operation.

(2) In light of the numerous types of electric vehicles available, and the recognition that a single model
may not adequately address specific needs, this paper puts forth a classification system comprising four
primary categories of EVs, deemed more practical. In the process of charging scheduling of electric vehicles,
the charging continuity is fully considered, and the problem that some vehicle owners are reluctant to
participate in the scheduling is solved after the EV is connected to the power grid many times in a short time
to charge the vehicle and damage the battery.

In the simulation analysis of this paper, the microgrid and quantity of EVs involved in charging are in
a relatively balanced state. If the number of dispatching vehicles and the scale of the microgrid are further
expanded, the model considering the vehicle emergency scheduling strategy proposed in this article will be
able to deal with the scale of the problem more fully. Subsequent steps in the research will entail an in-depth
study of the balance between the number of vehicles involved in the microgrid and its internal dispatch.
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