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Abstract: Based on the Monte Carlo method, this paper simulates, predicts the load, and considers
the travel chain of electric vehicles and different charging methods to establish a predictive model.
Based on the results of electric vehicle simulation prediction, an optimal scheduling model of
the distribution network considering the demand response side load is established. The firefly
optimization algorithm is used to solve the optimal scheduling problem. The results show that the
prediction model proposed in this paper has a certain reference value for the prediction of an electric
vehicle load. The electric vehicle is placed in the optimal scheduling resource of the distribution
network, which increases the dimension of the scheduling resources of the network and improves the
economics of the distribution network operation.

Keywords: Monte Carlo; electric vehicles (EV); load forecasting; distribution network optimization;
demand response (DR)

1. Introduction

In the context of energy shortages, severe environmental pollution, and global climate change [1,2],
electric vehicles (EVs) are alleviating the energy crisis and promoting human and natural sustainability
as a representative of a new type of green transportation vehicle. Development and other aspects have
the incomparable advantages of traditional fuel vehicles, and have been highly upheld by governments,
auto manufacturers, and energy companies [3]. However, due to the uncertainty and mutual differences
between the demand and behavior of EV users, the large-scale EV charging load in the future has
uncertain characteristics, such as randomness, intermittency, and volatility in time and space [4,5],
and it will affect the grid. The safe operation and optimization of scheduling bring difficulties [6],
and it is required to establish an effective EV charging load forecasting model to provide theoretical
support for analysis of the impact of EV charging loads and laying the foundation for power grid and
operational planning.

The uncertainty of EVs puts new demands on the optimal scheduling of distribution networks.
On the one hand, because the accuracy of the prediction error of the load is related to the time
scale, it is difficult to meet the scheduling requirements of the system [7]. On the other hand,
various types of EV load-preferred demand side resources [8] participating in the scheduling have
multi-time-scale characteristics, and the prediction accuracy is also low, making it difficult to make full
use of each demand side resource. Therefore, these make it difficult to optimize the scheduling of the
distribution network.
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At present, many scholars have studied the prediction of EVs, and on this basis, optimized the
resources in the distribution network. Reference [9] only simulated the charging load of a single EV,
and was able to obtain the daily load curve. It only considered the same type of private car, and assumed
that each charge was full, so there was a certain error between the simulation results and the actual
situation. Reference [10] discussed the types of EV and the corresponding charging methods and
times, but it did not consider the spatial distribution prediction problem of the load, and the prediction
result was lacking in accuracy. Reference [11] proposed an optimization strategy to consider the
decentralized charging of EVs. In the case of user competition, it will play a certain role in suppressing
peak-to-valley differences. Reference [12] fully considered the process of charging and discharging EVs,
and proposed a global and local optimal charging optimization strategy. Reference [13] studied the
centralized charging strategy under the influence of time-sharing electricity prices. However, they did
not consider the space—time distribution characteristics of the user’s electricity consumption, and did
not give prediction information for the EV’s starting charging time and initial power. Reference [14]
constructed a spatiotemporal distribution model of the EV charging load by using a model simulation
method. Reference [15] proposed a space-time prediction method for charging loads based on the
driving and parking characteristics of EVs. Reference [16] proposed a space—time distribution model
of charging loads based on residents’ travel chains. In Reference [17], in order to cope with the
randomness of the demand side output, a pre-optimization scheduling model of the distribution
network was established to effectively ensure the safe and stable operation of the distribution network.
In Reference [18], a scheduling model combining day-to-day scheduling, intra-day rolling scheduling,
and real-time scheduling was proposed. The time-scale was refined step by step to eliminate the
influence of wind power prediction error on distribution network optimization. In Reference [19],
a robust optimization model was established to coordinate the output of energy storage and other
reactive devices, as well as to achieve active/reactive joint optimization scheduling of the distribution
network. Reference [20] considered the basic constraints of the distribution network, and studied
the impact of demand response (DR) resources on the reliability of the distribution network power
supply. Reference [21] modeled the demand response and integrated load, and studied the application
examples of an active distribution network. The above literature considered the prediction of electric
vehicles and the optimal scheduling of distribution networks, but they were all separate, and the
combination of the two was rare. References [22,23] both considered energy scheduling based on
model predictive control, in which the receding horizon principle could be used to deal with the
uncertainty of scheduling parameters. Reference [24] presented a distributed waterfilling algorithm for
networked control systems, and applied it to a case study on the charging of a fleet of electric vehicles.
The algorithm are fully distributed and scaled to large-scale situations. Reference [25] addressed
the problem to control a population of noncooperative heterogeneous agents, and studied charging
coordination for Plus-in Electric Vehicles with transmission line constraints. The proposed method
is innovative.

This paper presents EV load forecasting modeling based on the Monte Carlo simulation, starting
with the travel chain of EVs and different charging methods. The Monte Carlo method is used to
deal with randomness and uncertainty in the operation of electric vehicles. The proposed travel chain
includes a large amount of related features in time and space; thus, it is helpful to the accuracy of
forecasting results. Secondly, on this basis, the EV is connected to the distribution network as a demand
consideration, and an optimal scheduling model of the distribution network is established to analyze
the optimization results of the distribution network with or without EV access. The firefly algorithm is
considered a population-based algorithm, because the search process is simple and easy to implement;
thus, it is used to solve the optimization problems above. The firefly algorithm takes a very short time,
which is much less than the planning step, i.e., 1 h, so it can be regarded as on-line optimization in
the paper.
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2. EV Load Forecasting Modeling Based on Monte Carlo Method

EVs mainly include private cars, buses, taxis, and so forth. Charging methods can be divided into
the following groups—slow charging, fast charging, and vehicle battery replacement—and charging
locations are generally at charging stations and parking lots. This paper focuses on modeling the
charging load of private car analysis. Due to the lack of reliable historical data related to the current
travel characteristics of electric vehicle users, it is assumed that electric vehicles have similar travel
characteristics as conventional fuel vehicles.

This paper predicts the overall modeling of electric vehicle charging loads, as shown in Figure 1.
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Figure 1. Time and space distribution prediction of the charging load of electric vehicle (EV).

3. EV Load Forecasting Model

3.1. EV Travel Chain

The travel chain includes the starting point, ending point, parking location, driving route, start time,
end time, and parking time of each travel activity. The process of the user starting from home, going
everywhere he likes, and finally returning home is described in a general sense, including a large
amount of related features in time and space.

Figure 2 depicts a random travel route. If each travel destination is treated as a state, the next state
(destination) of the vehicle is determined by the current state. Assuming that the vehicle is currently in
state E;, then at the next moment, it may be from state E; to any of the states of Eq, Ep, - - -, E;. Note that
pij is the state transition probability from state E; to state E;, then, p;; satisfies the condition:

0<pij<1, ij=12-,n
n
_1Pi]':1/ i=12--,n M)

J

Figure 3 is a corresponding schematic diagram of a travel chain, where the broken line indicates
the running process, the solid line indicates the parking process, the solid point indicates the start and
end time of the day’s travel, and the hollow point indicates the arrival and departure time of each place.
Ts-i, To-j are the moments of arrival at the destinations i and j, respectively; T, Ty-; are the moments
of leaving the destinations i and j, respectively; T,—;, T),—; are the parking times for the destinations i
and j, respectively; T, T; are the first and last travel times of the day, respectively; and T;_; is the travel
time from destination i to destination j.
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A travelling chain  E, - E, > E, > E —E, >E, > E,

Figure 2. The travelling chain of a typical day.

It can be seen from the diagram of the travel chain, that each travel process is only related to the
previous travel destination, which can be regarded as there being no after-effectiveness.
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Figure 3. Travel chain diagram.

3.2. EV Charging Load Distribution Forecast

3.2.1. Determination of the Charging Method of EVs

The charging method was divided into DC fast charging and AC slow charging, and battery
charging replacement was not considered in this paper. For different functional areas and vehicles,
the initial charging time differed when different charging methods were used. Assume that the private
car is charged regularly after returning home for the last time, and that fast charging is used as
an emergency backup mode.
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(1) The user arrives at the parking place, and will charge if the remaining battery power is
insufficient to support the next destination. At this time, you can choose fast charging or slow charging;
during the parking time, if slow charging is not enough to drive to the next destination, then use
fast charging—otherwise, use slow charging. That is, when the user arrives at the first parking place,
fast charging is only used when the following formula is satisfied:

Ps X tp_,'
60

+E,_i—eX d(i.i+l) <0.25, (2)

where p; is the slow charging power, kW; E,_; is the remaining power when reaching the first destination,
kW h; e is the electric power consumption per kilometer of the EV, kW-h/km; S is the battery capacity,
kW-h, considering factors such as battery safety and user psychology, where the state of charge (SOC)
of the EV is not less than 20%. d(i,i + 1) is the distance from destination i to the next destination, j.
When the vehicle reaches a certain destination, the state of charge of the battery is as follows:

X

X (t=To)

T
SOC(t) = soco—% x 100%, )
range

where SOC(t) is the state of charge of the battery of the EV at time t; SOCj is the initial state of charge;
Ty is the starting time of the EV; x is the daily driving range; Ty, is the daily average driving time;
and Dygpge is the EV’s maximum cruising range.

(2) If the remaining battery capacity can support driving to the next destination, the user can
choose to charge slowly or not. Let the initial state of charge, SOCy obey the normal distribution,
N(0.5,0.1). After each stop, extract a random number from N(0.5,0.1) to represent the starting SOC
of the user’s habit (denoted as SOC1), compared with the current remaining SOC of the electric car
(denoted as SOCy). If SOC, > SOCy, it means that the current remaining power of the user is greater
than expected, and the user does not choose to charge; otherwise, the remaining power is less than what
the user is accustomed to in regard to the charging starting power, and the user selects slow charging.

3.2.2. Calculation of EV Charging Load

Firstly, the forecast area is divided into A blocks and M functional lands, such as residential, office,
and entertainment areas. When the vehicle reaches a certain function land, I, it is judged whether it is
charged according to the state of charge of the battery. When determining to charge, firstly, the charging
mode to be used is determined, and then, according to different charging methods, the initial charging
time of the vehicle is extracted. After this, the number of EVs charged by different charging methods is
accumulated, and the proportion of different charging methods is determined by numerical calculation.
Finally, the Monte Carlo simulation is used to calculate the overall charging load of different functional
areas in the predicted area for one day. The simulation flow is shown in Figure 4.

For private cars, slow charging mostly occurs when the user returns home at the end of the day’s
trip. The initial charging time of the vehicle is related to the electricity price policy, the user’s charging
habits, and driving demand. f;j,,, (t) represents the probability density of the initial charging time in
slow mode, where it obeys the piecewise normal distribution:

1 (t+24—p )2
Faow(t) = V2msy exp[— 26:2 : ] 0<t<(u-12) 4
slow - 1 B (t—yf)z ’
Varo, P T 202

where 14, O are the expectation and variance of the charging start time, respectively.
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For private cars, the slow charging mode is the preferred method, while the fast charging mode is
only used to meet the emergency backup charging. Compared with slow charging, the fast charging
time has obvious randomness. If an EV arrives at destination i at time 4; and leaves at time b;, then the
probability density of the initial charging time in fast mode is expressed by f.st(f); then fiaq(t)
approximately satisfies the uniform distribution, which can be expressed as:

i) == 52 ©

where k; is the ratio of different charging intervals.
Fyow(t)  inslow charging mode
Fs = F . . (6)
fast(t)  infastcharging mode

In practical applications, the battery pack residual power of the electric vehicle in the station
varies, which makes the charging time long or short. The charging time length approximately obeys
a normal distribution, described as follows:

1 (At—t.)?
F.(At) = exp| - , )
C( ) (—zn 6C p |: ) 6c2
where T, . are the expectation and variance of the charging time length, respectively.
When the nth EV arrives at the destination i, the probability of charging at time £ is:
Fl =Fe(Tis <t,Tis+ At 2 ) + Foo(Tis 2 t, Tis + At =24 > 1), (8)

where an is the charging probability of the nth car arriving at the destination i for the tth hour; Fq, is
the joint probability distribution function of the charging start time and the charging time length,
and they are independent of each other, so Fsc = FiF,, F; is the probability distribution function of the
charging start time, and F, is the probability distribution function of the charging time length. Tj; is
the charging start time when the EV arrives at destination 7, and At is the charging time length.
Therefore, at the tth period, the charging load of the I-zone EV using the slow charging mode is:

Ns
Es(t) = ) F, xPs, ©)
n=1

The charging load of electrical vehicles using the fast charging mode in function area I at time £ is:

Ny
Eif(t) = Zan x Pf, (10)
n=1

where Ejs(t) and E;f(t) are the slow and fast charging loads at the tth hour at destination i, respectively;
N; and Ny represent the numbers of slow charging and fast charging of the EVs at the tth hour,
respectively; Pc and Py are slow and fast charging powers, respectively. The load of the M functional
lands was accumulated to obtain the total charging load E(t) of the I functional areas at the tth hour:

M
E(t) = ) [Ei(t) + Eif(1)]: (11)

i=1
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3.3. EVs Send Power to the Electric Grid

Vehicle-to-grid (V2G) describes a system where battery, hybrid, and fuel cell vehicles can all send
power to the electric grid. Electric vehicles charge from the grid at night when the electricity demand
is small and the electricity price is low.

When the daytime demand for electricity is large and the price is high, the electric vehicle will
feed back the electricity to the power grid, which can provide peak-shaving and valley-filling services
to balance daily electric load and mitigate the duck curve. It can buffer the intermittent renewable
energy access to the power grid. In case of strong wind, excessive wind power is stored in the batteries
of electric vehicles and fed back to the power grid at peak load, thus playing a stable role in intermittent
wind energy.

4. Distribution Network Optimization Scheduling

The energy grid optimization of the distribution network determines the price of the day based
on the previous output of the new energy and forecast data of the EV load. Based on this, the power
consumption and quotation of the demand side resources that can respond to the scheduling are
used to meet the safety constraints. Under the condition, with the minimum operating cost of the
distribution network as the goal, the output of each micro-source and the demand-side resources will
be scheduled. The real-time scheduling is still based on the safe and stable operation of the distribution
network. The demand side resources and the rotating reserve are directly controlled as the adjustment
amount, and the operation cost of the distribution network is the minimum. The optimization of each
part is the constraint construction optimization model.

4.1. Distribution Network Optimization Scheduling Model

Reference [21] presented a decentralized control strategy for the scheduling of electrical energy
activities of a microgrid. Optimally planning users’ controllable loads is useful in reducing the costs.
Reference [26] presented a method for tracking a secondary frequency control signal by groups of
plug-in hybrid electric vehicles (PHEVs), as well as controllable thermal household appliances. It was
illustrated that load frequency control, used as an equivalent to secondary control, can be effectively
provided by loads, such as PHEVs and household appliances. In our paper, the electric vehicles can be
regarded as shiftable loads, and the interruptible load as a controllable load. Controllable loads can be
given a different priority according to the actual situation for scheduling.

Assuming that the new energy output value is known and the energy storage of electric vehicles
has been predicted by the Monte Carlo method, which can be dominantly used in optimization
problems, the other demand side resources are adjusted to target the total operating cost of the
distribution network. The objective function and constraints are as follows:

(1) Objective function:

24 [ Nw Npy
f= min{Z[ Y. Pw(t)Cw(t) + ¥ va(f)va(f)]—F
,, UEil= iy PV=1
El Pyyia(t)Caria(t) + El Fpat (Epat (t) — Epat (£)) + (12)

24 24 MAj
Y Fev(HE(t) + X X EajCaj(t )}
=1 =1 Aj=1

(2) Constraints:
Power balance constraint:

Npy 14j 1A

Z Py (t) + Z Ppy (t) + Pgria(t) + Z Py(t +Z Pey () + Pyu(t) = PL(t), (13)

PV=1 Aj=1 Ai=1
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The wind power output is known, and its constraint is:
PR < Py (t) < PR, (14)

The photoelectric output is also known, and its constraint is:

PPN < Ppy (1) < PR3, (15)
Interactive power constraint:
P < Poyig(t) < P2, (16)

Electrical vehicle total load constraint:

Emin < E(t) < Emax, (17)
Interruptible loads constraint:
14
Emn < Z Enj(t) < BT, (18)
Aj=1

Energy storage constraint [27,28]:

Epat (t+1) = Epat (1) = 125 Prata () = NinPparc (1)
0 < Ppaa(t) < Ppex

batc , (19)

PN < Py () <0

0< Ebut(t) < Epgt max

where Py (t) and Ppy (t) are the wind and photovoltaic power at time ¢, respectively; Cy () and Cpy ()
are the power consumption of wind and photovoltaic power per kW-h at time ¢, respectively; W and
Ny are the serial number and total of wind turbines, respectively; PV and Npy are the serial number
and total number of PV modules, respectively; Pg,is(f) and Cgyis(t) are the interaction power and
purchase price of the distribution network and the large grid, respectively; Fy,; is the comprehensive
cost of the energy storage equipment; Fry (t) is time-of-use price; Aj and n,4; are the serial number
and the total number of interruptible loads in response to the schedule, respectively; C4;(t) is the call
price of the interruptible load actually participating in the schedule per kW-h at time #; PJi"™ and Pji*
are the minimum and maximum powers of wind power generation, respectively; Py and Ppi* are
the minimum and maximum powers of photovoltaic power generation, respectively; Pg;‘ig and Pg;?;
are the lower and upper limits of the exchange power between the distribution network and large
power grid, respectively; E(t) is the amount electricity of EVs to be called; E4;(t) is the amount of load
called; Ppgc and Py are charging and discharging powers of the battery, respectively; P)7\t and P
are the minimum charging and the maximum discharging powers of the battery, respectively; At is
the charging or discharging time length; and Ein, Emax are the minimum and maximum values of
adjustable EVs’ energy storage, respectively.

The problem we need to solve is the optimization problem with constraints. The decision variables
are real-type ones, and include Pg,;4(t), E(t), Eaj(t), Ppatc, and Ppyyg. Equation (13) is a constraint of

equality, and the other Equations (14)—(19), are the bounding constraints.

4.2. Firefly Optimization Algorithm

Here, the firefly algorithm is proposed to simulate the natural phenomenon where fireflies in
nature gather at night. This is a heuristic group intelligent optimization algorithm [17]. The algorithm
regards the points in the search space as firefly individuals, and uses the strong fireflies to attract
the characteristics of the weakly fired fireflies. In the process of moving the weak individuals to the
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strong individuals, the iteration of the position is completed. The iterations find the optimal position
and complete the optimization. This algorithm is used to solve the optimal scheduling model of the
distribution network.

Luminous brightness of firefly i:

Ii = f(xi), (20)

where x; = (xj1, X, -+ ,Xjg) is the position of the firefly individual in the d-dimensional space,

here being the solution of each scheduling model of the distribution network; f is the calculation

function of the brightness of the firefly. Here, the objective function of each scheduling model of the

distribution network is used as the fitness function, and is used to indicate the brightness of the firefly.
Attraction between firefly individuals i and j:

Bij = Boe "1, (21)

where f) is the maximum attractiveness of the light source, 1; A is the light absorption coefficient;
and r;; is the Cartesian distance between fireflies i and j, expressed as follows:

(22)

When firefly j is attracted to firefly i, its position update formula is expressed as:

k1 _ ok ook ok k_k
X; —x].—i-ﬁl](xl. xj)+ae, (23)

where xi.‘ and x’;. are the positions of firefly individuals i and j at k iterations; a* is the kth step factor;

and ¢* is the random number vector obeying the Gaussian distribution at the kth iteration.

In this paper, the fitness value is used to indicate the brightness of the firefly. The firefly constantly
update the position and be attracted to find the best one until the stop condition is met, then the firefly
with the brightest light is obtained, that is, the firefly with the largest value of the fitness function is
located. So the best scheduling solution is obtained.

5. Case Study

In order to verify the validity of the model established in this paper, simulation analysis was
performed by MATLAB. Firstly, the EV load was predicted, and on this basis, the optimal scheduling
analysis of the distribution network connected to the EV was carried out.

This paper mainly forecasts the charging load of EVs in the Zhengzhou Economic Development
Zone, China, in the summer. According to the city’s EV development plan, it is predicted that the
number of electric private cars will be 52,000 in 2030. According to the survey, the average daily
mileage of private cars in the area is 33.85 km. The vehicle uses lithium batteries, where it is assumed
that each charge is full; the charging efficiency is 90%, and the minimum threshold value of the battery
charging state is 20%. The charging interface power is regulated according to the “Connecting device
for conductive charging of EVs” and Table 1.

Table 1. Electric vehicle charging interface parameters.

Functional Areas  Charging Method  Charging Power/kW

Residential area slow/fast 3.2/37.1
Work area slow/fast 5.9/58.5
Business district slow/fast 5.2/46.4
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The Monte Carlo simulation method was used to calculate the charging load curve of the private
car. The prediction results are shown in Figures 5 and 6.
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Figure 5. Charging load curve for different functional areas.
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Figure 6. Charging load curve for different fast charge ratios.

(1) Comparison of charging load in different functional areas. Due to the different nature of land
used in different functional areas, the spatial distribution and charging time of EVs are different. It can
be seen from the analysis of Figures 5-7 that the charging loads of different functional sites differ
greatly, and the peak load and peak time are also different. The residential area mainly satisfies the
nighttime charging behavior of private car owners. Therefore, the peak load occurs from 19:00 to 24:00.
The charging load in the work area is mainly concentrated in the working hours of 10:00-16:00, while the
charging load in the commercial area is mainly concentrated in the working hours of 8:00-20:00. It can
be concluded that the charging load is closely related to the spatial position.

(2) Comparison of charging load under different charging modes. According to the parameters
of the two main models given in this chapter, the quick charge ratio is 0.239 when the model with
a smaller battery capacity is selected. As the battery capacity increases, the fast charge ratio decreases
to 0.097, which results in different fast charge ratios. The load curve is shown in Figure 5. It can be
seen from Figure 6 that when the fast charge ratio is 23.9%, the peak value of the load curve increases,
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which has a greater impact on the power grid, increasing the pressure on the distribution network
in the area. It can be seen that with the increase of the cruising range of the EV, the vehicle owner
adopts the fast charge. The proportion is reduced, so that the impact of the charging load on the grid is
also reduced.

On the basis of the EV load forecast, the EV was connected to the distribution network as the load
on the demand side. The parameter algorithm was set by adding the constraints of each scheduling
resource in the distribution network optimization model. The optimal scheduling model based on EV
load forecasting and considering the demand side response was solved, and the optimal scheduling
scheme of the distribution network was obtained.

According to the survey, in the distribution network with new energy generation, the cost of
wind power generation is 0.55 ¥/kW-h, and the combined cost of photovoltaic power generation is
0.45 ¥/kW-h. The estimated total discharge cost is 1.2 ¥/kW-h by estimating the service life of the battery.
The distributed energy network parameters are shown in the Table 2.

Table 2. Distributed power parameters.

Power Type Power/kW  Quantity

Wind turbines 60 75
Photovoltaic 30 35
Battery 20 20
EV 20 50

The SOC value of the battery energy storage in this paper ranges from 0.2 to 0.9, and its charge
and discharge efficiency is approximately 0.9. The electricity purchase price of the distribution network
to the large power grid is changed according to the time-sharing electricity price of the large power
grid. The time-of-use electricity price is shown in Table 3. The peak electricity price is the highest,
and the night load is the lowest, so the electricity price is the lowest.

Table 3. Electricity price for each period of electricity purchased from the power grid.

Electricity Price (¥/kW-h) Period
0.6 24:00-9:00
0.8 12:00-16:00/22:00-24:00
1.36 9:00-12:00/16:00-22:00

The compensation prices of various types of interruptible load resources and EVs that can
participate in the demand side response in the system are shown in Table 4, and include the upper and
lower limits of their response capacity. Since the impact of the interruptible load is relatively large,
the maximum interruption time is generally 4 h. In Table 4, the EV is owned by the owner. In addition
to meeting the call of the distribution network, the owner should ensure the normal use of the EV. It is
assumed here that after all the EVs arrive at the destination, 73% of the energy is left in the car battery;
when the car leaves the location, the remaining energy in the battery should have 33% of the capacity.
The compensation price for all response schedule EVs is 0.1¥/kW-h. Table 4 shows the compensation
price when the EV responds to the schedule discharge.

Table 4. Demand response (DR) resource parameter.

Response Capacity Response Capacity Compensation
Maximum (kW) Minimum (kW) Price (¥/kW-h)

DR 800 50 0.72
EV 400 20 0.8

DR Resource
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The optimal scheduling scheme of the distribution network when the EV is connected to the
distribution network and participates in optimal scheduling is shown in Figure 7.

P(W)

12 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 24

t(h)
u ya u P DR ™ gy m Energy m Interactive
Py storage power

Figure 7. Optimized scheduling scheme for accessing EV.

The optimal scheduling scheme of the distribution network for when the EV does not participate
in the optimal scheduling of the distribution network is shown in Figure 8.

P(W)

1 2 3 4 56 7 89 10111213 14 1516 17 18 19 20 21 22 23 24
1(h)

" p n P DR m Energy Interactive
W P storage power

Figure 8. Optimized scheduling scheme for unconnected EV.

It can be seen from the above two scheduling schemes that it is difficult for the distribution
network to meet the requirements including economy, when the load is at a peak period, if EVs do not
participate in the scheduling. The participation of EVs reduces the operating costs of the distribution
network. Two different scheduling schemes and power generation costs are shown in Table 5.

Table 5. Power generation costs of two optimized scheduling schemes.

Schemes Power Generation Cost (¥) Reduction
Optimized scheduling scheme for accessing EV 58394.2 -
Optimized scheduling scheme for unconnected EV 56753.3 2.81%

6. Conclusions

In this work, the EV load forecasting was put forward, and the optimal scheduling strategy of
distribution network was also proposed. The effectiveness of the proposed strategy was verified by
simulation. The main conclusions are as follows:

(1) By analyzing the travel chain and charging mode of EVs, a load forecasting model for EVs was
established. Then, forecasting of the EV load was accomplished based on the Monte Carlo method.

(2) The EV was placed in the scheduling resources of the distribution network with new energy
power generation. The addition of the EV saves the operating cost of the distribution network and
increases the dimension of the scheduling resources of the distribution network.

Research on the optimal scheduling of the distribution network for accessing EVs in the future
mainly focuses on solving the bidding mechanism of load agents and the compensation mechanism
of EV calls. Through reasonable compensation of the price, to ensure that the EV is connected to
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the distribution network, the demand side resources can actively respond to the scheduling of the
distribution network to maximize the total social welfare.
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