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Abstract Virtual power plant (VPP) can effectively integrate geographically dispersed and different types of
distributed new energy and customer loads on a large scale, break the boundaries between the generation side
and the load side, and improve the reliability of power supply, which is an important means to solve the problem of
new energy into the grid. The study first constructed a virtual power plant model within the framework of an electronic
scale, takes the minimization of VPP operation cost as the objective function, establishes an economic optimization
scheduling model of VPP considering the load of the virtual power plant, and searches for the optimal value of the
objective function to realize the economic operation of the virtual power plant by using the HGWO algorithm. The
simulation results show that the HGWO algorithm can achieve high economic efficiency and high reliability
compared with the GWO method. The fine classification of loads to participate in demand response maximizes the
benefits of the virtual power plant in the electricity market, minimizes the peak-to-valley difference in the user curve,
and minimizes the user cost.

Index Terms virtual power plant, electronic scale, hybrid gray wolf algorithm, load balancing

. Introduction

Under the guidance of the “dual-carbon” goal, the installed capacity and power generation of new energy sources,
represented by wind power and photovoltaic (PV), have been rising year by year, promoting the clean and green
transformation of traditional energy sources. However, with a high proportion of new energy access and peak hour
power demand growth, China's power supply and demand balance pressure is increasing, only source-side
regulation is difficult to ensure the economic and stable operation of power, significantly increasing the planning and
operation costs of the power system [1]-[3]. It is necessary to scientifically assess and accurately regulate the
demand-side resources, deeply excavate the potential of demand-side resource regulation, so that it can play the
same role as the power-side resources, realize the efficient use of energy, and strongly support the power supply
and renewable energy consumption [4]-[6].

With the gradual development of power plants in the direction of automation, bidding for Internet access and
plant-network separation have become the focus of research. Improve the unit operation safety, and the reasonable
allocation of the unit, so as to reduce the energy consumption of power generation and promote the development
of modern market economy [7]. Therefore, the virtual power plant and information technology can be used to make
a single uncontrollable idle load accumulation, so as to constitute a controllable power supply and demand network,
so that the precise regulation of the network load research has an important role [8]-[10]. Virtual power plant is a
kind of power coordination management system through advanced information and communication technology and
software system, to realize the aggregation and coordination optimization of distributed power supply, energy
storage system, controllable load, electric vehicles and other energy sources, in order to participate in the power
market and grid operation as a special power plant [11]. At the same time, it is also a source-network-load
aggregation management model under the “Internet +” intelligent energy environment, with the user as the center
and the commercialized market as the platform [12]. At this stage, relevant intelligent technologies can be used to
build an online measurement and evaluation index system for load regulation potential, to help virtual power plant
operators grasp the actual adjustable potential of existing user resources, and to provide reliable data support for
virtual power plant operators to participate in the declaration of electric power demand response projects, and to
respond to the volume and price of the response [13]-[16].

The study constructs the basic structure of the virtual power plant containing renewable energy units, conventional
thermal power units, and energy storage devices, and models the virtual power plant. Secondly, a fuzzy chance
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constraint algorithm is introduced to deal with the uncertainty of wind power output and load. Minimizing the
operating cost of VPP is taken as the objective function, and various kinds of constraints existed in the operation
process of VPP are taken into consideration, and an economic dispatch model of VPP based on the hybrid gray
wolf (HGWO) algorithm is constructed. A load optimization scheduling method is designed for optimal scheduling
analysis, and the load is refined to participate in demand response, and a comparative analysis is carried out in four

scenarios from the state of the VPP energy storage device, the load profile, the cost of electricity consumption of
the customer, and the unbalanced output of the VPP.
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Il. Fuzzy logic based virtual power plant modeling and its uncertainty

Il. A.Virtual power plant structure

Virtual power plants are usually based on advanced technologies such as data exchange and data communication,
integrating and optimizing different types of power generation units, realizing the coordinated operation of each unit
through a higher level of software architecture, and then participating in the power market or auxiliary services.
Virtual power plant is essentially a large-scale system that can realize the coordination and cooperation between
resources, and its operation mode is very similar to that of conventional power plants. The virtual power plant
proposed in this paper adopts a centralized control method, and its basic structure is shown in Figure |1,
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Figure 1: Basic structure of virtual power plant

As can be seen from the figure, the virtual power plant is connected to the power grid through the control center,
which comprehensively collects and integrates the relevant information of the subordinate units according to the
information collection and communication network, coordinates and regulates the utilization of resources, and finally
cooperates with the power grid to participate in the scheduling, which provides important support for the stable
operation of the virtual power plant and the power grid. The virtual power plant in this paper consists of a wind farm,
a photovoltaic power plant, a coal-fired thermal power plant, and an energy storage system.

Il. B.Modeling of the units of the virtual power plant

Il. B.1) Wind turbine modeling

Wind has kinetic energy, by driving the fan blade rotation, the kinetic energy of the wind is first converted into the
mechanical energy of the blade, and then through the generator is converted into electrical energy. However, the
wind speed will be affected by weather, environment, geographic location and other factors, and due to the uneven
heating of the ground surface, different regions of the absorbed solar radiation energy is different, resulting in the
wind speed has a random character, then the fan output power also shows a significant randomness. The wind
speed probability density function can be expressed as:
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f) = E(Kj 7 e’[gj 1)
c\ C

Here, Vv is the actual wind speed; k is the shape parameter; and c¢ is the scale parameter.
If the mean and variance of wind speed are known, £ and ¢ can be found:

v

o —1.086
k:[ J J1<k<10 (2)

v

Here, v is the mean value of wind speed; o, is the standard deviation of wind speed; 7 is the Gamma
function.

The output power of the wind turbine usually follows the following law: if the actual wind speed is lower than the
cut-in wind speed or higher than the cut-out wind speed, the output power is zero: if the wind speed is between the
cut-in wind speed and the rated wind speed, the output power is linear with the wind speed; if the wind speed is
between the rated wind speed and the cut-out wind speed, the output power is constant as the rated output power.
That is:

C =

O V< v[n > V> Vom
V=V,
_ . in
PW = PE — v, Sv<y, (4)
ve - Vin
P, v, <v<vy,,

Here, P, isthe actual output power; P, is the rated output power; v,,.v,,,v, are the wind turbine's cut-in, cut-
out and rated wind speeds, respectively.

Il. B.2) Modeling of photovoltaic units

Distributed PV is not only constrained by environmental conditions such as geographic location, seasonal n weather

and operational conditions such as light conditions, but also by neighboring PV units and connected power loads.

It is usually considered that the PV unit output is proportional to its light intensity and obeys the Beta distribution.
First, the light intensity is standardized:

Iy =— (5)

Here, I, is the actual illumination; 1, is the illumination maximum.
The probability density and probability distribution of illumination are as follows:

I'la+p)

)=
S ) T(a)[(B)

(1) A=1,)"" (6)

F() = rayd, ()

Here, @ and B are the shape parameters of the Beta distribution; I,,7, are the lower and upper limits of the
normalized illuminance.

Based on the historical data of illuminance, the sample mean 4,, and standard deviation ©,, can be derived,
and the parameters of the Beta distribution can be obtained by further calculation.
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P =85 71 (10)
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Il. B. 3) Energy storage system modeling

Adding an energy storage system to a virtual power plant can improve the consumption of renewable energy and
smooth out the power. The energy storage system converts electrical energy into chemical energy, potential energy
and other forms of energy for storage when charging, and then converts it into electrical energy when discharging.
Currently common energy storage methods, chemical energy storage such as lead-acid batteries, sodium-sulfur
batteries, etc. are more widely used. In this section, the charging and discharging state constraints, charging and
discharging power constraints, and charging state constraints of the energy storage battery are modeled.

Il. C.Uncertainty in virtual power plants
Il. C.1) Fuzzy chance constraints
Usually in optimization problems, for constraints containing fuzzy parameters, they can be formulated as:

min f(x) (11)
st.g(x,@)<0 (12)

Eq:

f(x) -objective function; x - vector of decision variables; g(x,@) - constraints containing fuzzy variables; @
- vector of fuzzy variables.

In the process of scheduling model solution, the fuzzy parameters contained in the constraints will cause the
model to be difficult to give a deterministic solution, which can be appropriately processed so that the constraints
are established with a certain level of confidence « , denoted as:

Cr{g(x,w)SO}Za (13)
Here, Cr{} - credibility of eventsin {}.

Il. C.2) Clear equivalence classes for fuzzy parameters
When the constraint function g(x,@) has the following form:

gx,@)=h(x)@, +h,(x)@, + -+ h ()@, +h(x) (14)

Here, %,(x) - a function containing only decision vectors; @, - fuzzy variables.
Define the following two functions:

B (x),h, (x) =0
0,h,(x)<0

oy [0 )20
A EABVACR 1o

hi (x) ={ (15)

Specifically, when #.(x)=1, h (x)=1,h (x)=0; when h(x)=-1, h'(x)=0,h (x)=1. If the confidence level
a > 0.5, the clear equivalence class of fuzzy constraints can be expressed as:

2- Za)i ':rk3h1: (xX)—rohy (x):|

(17)
i
+2a =D [ ruhy ()= 1,k (%) |+ by (x) <0
k=1
Here, 1, ~1, -the affiliation parameter of the fuzzy variable @, , Here,
k=12,--,t,teR (18)

In summary, the solution of optimization problems containing fuzzy parameters can be achieved by clear
equivalence classes of fuzzy parameters.

Il. C. 3) Affinity functions for fuzzy parameters
In this paper, the trapezoidal subordination function is used to describe each uncertainty quantity:
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P,—P
e sz < Px < I)r4
Px4 _sz :
I P,<P<P,
ur)=, (19)
- P, <P <P,
2 txa
0 other
I).m = a)nl)x,fc (20)

Here, u(P.) - the trapezoidal affiliation function of P,; P, ~ P, - the parameters in the trapezoidal affiliation
function that determines the shape of the affiliation function, where P.,P, are the upper and lower ranges of the
parameter, and P,,P; are the most probable values of the parameter; P, .- P, is the predicted value, MW; o,
- scale factor, usually determined from historical data on scenery and loads.

lll. Virtual power plant load auto-regulation model
lll. A. Virtual power plant load optimization scheduling model
lll. A. 1) Objective function
In order to guarantee the economy of power plant operation and ensure the safe operation of the power system,
the optimal scheduling model established in this paper chooses to minimize the operating cost of the virtual power
plant as the objective function.

During the operation of the virtual power plant, the operation and maintenance costs of wind power, photovoltaic,
thermal power, and energy storage batteries need to be considered comprehensively:

mlnf = Cw + va + Czh + CES + Cp (21)

Here, C, -wind power O&M cost, yuan; C,, - photovoltaic O&M cost, yuan; C,, - - conventional thermal power
unit generation cost, yuan; C,s - energy storage battery O&M cost, yuan; C, - new energy abandonment penalty
cost, yuan.

lll. A.2) Stepped carbon transaction cost modeling
In order to promote the clean and low-carbonization of the power system, this paper combines the carbon trading
mechanism and introduces the carbon trading cost into the total cost of the virtual power plant. In order to better
control the carbon emissions of the system, the paper meters the step-type carbon trading cost model, compared
with the traditional carbon trading. Introducing the scheduling model of step-type carbon trading will increase the
difficulty of algorithm solving, making the solving time increase greatly. The stepped carbon trading cost model is:
/Ic (Mtotal _Mratz)ﬂ Mtotal < Mmte + d
j’cd + (1 + V)/IC (Mmm/ -M,,, - d)7
Ccarbmz = Mmu’ + d < Mlozal < Mmze + 2d (22)
Q+rAd+(1+2ri WM, —M,, —2d),
M!mal 2 Mmte + 2d

rate

Here, A.--initial carbon trading price, yuan; M,,,--total carbon emissions of the virtual power plant, ¢; M, -
Initially given carbon emission quota of the virtual power plant, #; 4 - Carbon emission interval length; » -
Carbon emission per step up of the carbon trading price increase.

Wind and solar energy are clean energy sources that produce almost no carbon emissions in the power generation
process, thus coal-fired thermal power units are used as the source of carbon emissions in the virtual power plant.
The model that carbon emissions from thermal power units are proportional to output power is used, i.e.:

N
Mmtal = Z Z wlh,j})th,_j (l) (23)

M
j=1i=l

Here, ¢, - carbon emissions per unit output power of the J th coal-fired thermal power unit, t/MW.
In summary, with the addition of carbon trading costs to the original costs, there is an objective function:

min f = Cw + C/)v + Clh + CES + Cp + Ccar/)on (24)
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lll. A. 3) Constraints
(1) System power balance constraints

B0+ Bu )+ 3By )+ Pig(i)= By (1) (25)

Here, P, (i) -the power of the energy storage battery at the i moment, MW.
(2) Thermal power unit output constraint

Pfh,j,min < P;h,j (l) < Pth,j,max (26)

Here, 7., ;:7um, -the maximum upward and downward climbing power of the Jj th thermal power unit, MW/h.
(3) Climbing constraints for thermal power units

AP, (i+)= B, ()<, At (27)

- rdnwn

Here, 7., ;s7um, - the maximum upward and downward climbing power of the jth thermal power unit, MW/h;
At - the time interval s between two sampling points.

lll. B. Handling of wind and load uncertainty

Processing the power balance constraints, rotating standby constraints in the scheduling model, even if they all hold
at confidence level o , the credible chance constraints on the power balance of the system can be expressed as
follows:

Mk

Cr {onad,i _ﬁw,i - PpV,i - th,/ (l) - PES (l) = 0} za (28)

~.
I

The plausibility chance constraint for the rotating standby constraint can be expressed as follows:

Mk

~.
I

Cr {onad,i _ﬁw,i - PpV,i - th,/ (l) - PES (l) < 0} za (29)

It should be noted that the rotating standby constraint of the system deals with the uncertainty of the predicted
values, so in deterministic scheduling problems, it is usually necessary to include a standby power F., whereas
with the fuzzy parameter dealing with the predicted values, the uncertainty of the predicted values has already been
dealt with in the constraints, and thus there is no need to set a separate standby power. Using the clear equivalence
classes under the trapezoidal fuzzy parameters, the clear equivalence classes for the power balance constraint and
the rotating standby constraint are, respectively:

(2 - za)(and,B - Pw,i2 - 13pv,i2)

+2a =D(Bogis =P = Bui)

. (30)
_Z Pm,j (l) _PEs (l) =0
j=1
2- 2“)(Road,i3 —P, - [:Jv,iZ)
+(2a - 1)(Pload,i4 - Pw,z'l - va,il) (31 )

—ipm,f(i)—PEs(i) <0

Here, F,,.F,,, - wind power affiliation parameter; P, ,.P, , - photovoltaic affiliation parameter; F,.;.3>Fousia
- load affiliation parameters.

When calculating the new energy penalty cost, because the fuzzy parameters can not be directly applied in the
formula calculation, use equation () and (@) to equate the output of wind power and photovoltaic in the time
period of i:

B = R RSB EL) (32)

w,i3 w.
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v, pv.i3

~ l-a o
By = 5 B+ B+ (B B) (33)

Then the wind and light abandonment in i time period can be expressed as:

w,i

(34)

P, =P, .()-P,, (35)

Here, P, .(i),P, (i) -the predicted value of wind and PV output at the moment of i, MW.

lll. C. Model solving for improved hybrid gray wolf algorithm
lll. C. 1) Gray Wolf Optimization Algorithm
Gray Wolf Optimization (GWO) algorithm. According to the hierarchy within the wolf pack, the wolf pack is divided
into four different identities such as @,5,6 and @, among which @ wolves, B wolves and & wolves are the
head wolves, and @ wolves have the highest rank, which is called the optimal individual; B wolf is second in
rank to the @ wolf and is a suboptimal individual in the population; ¢ wolf is lower in rank than the « wolf and
the A wolf, but higher than the @ wolf, and is a leader in the third tier of the population. The @ wolf has the
lowest rank and needs to accept the leadership of 3 kinds of head wolves [17]. The wolves form an encirclement to
encircle the prey after constant wandering, and finally capture the prey by constantly contracting the encirclement.
(1) The following formula is used to update the position of the wolf pack during the process of encircling the prey
as follows:

D:|C><Xp(k)—X(k)\

{C:2><r2 (36)
X(k+1):Xp(k)—A><D
{ A=2xaxr—a (37)

In Eq. (36)~Eq. (37): k is the number of evolutionary generations; X, (k) is the position of the prey when the
number of evolutionary generations is k; X (k) is the position of the gray wolf when the number of evolutionary
generations is k&, and #,r are the random numbers in the range of [0, 1]; a is the contraction coefficient; C,A4
are the positional parameter; D is the distance of the prey from the gray wolf.

(2) The GWO algorithm uses the positions of the three head wolves to determine the location of the prey, and the
other individual gray wolves update their positions according to the positions of the three head wolves to surround
the prey, and the mathematical model of this process is:

D, = C,x X, (k)-X(k)|
Dﬁ =C, XXﬂ(k)—X(k)\ (38)
D =| C3 XXJ(k)_X(k)|

X, =X, (k)—AxD,
X, =X, (k)-4,%D, (39)
X, = X, (k)— 4, x D,

X +X,+X,
3

In Eq. (38)~Eq. (40): D,.D,.D,,D; are, in order, the prey's distance from the «.8,6 wolf;, X, (k),X (k) in
order of the position of the «, /3,6 wolf when the evolutionary algebrais k; X,,X,,X, in order of the distance of
the @ wolf from the «, /3,6 wolf.

(3) The expression for the contraction coefficient a is:

X(k+1)= (40)

k
a:2—2><k— (41)

max

where k. is the upper limit of the evolutionary algebra.
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lll. C.2) Improvement of the GWO algorithm

The GWO algorithm is simple in principle and effective in global search, but it may stagnate when performing local
search, thus falling into the local optimum. Aiming at this shortcoming, the article introduces the idea of differential
evolution in the GWO algorithm, and uses the operations of crossover, mutation and selection of the differential
evolution algorithm to make the algorithm jump out of the local optimum in time, and obtains the HGWO algorithm.

(1) The mutation operation process is as follows:

v,(k) = x, (k) + wx (x, (k) x, () (42)

Here, v,(k) is the ith mutated individual at k& evolutionary generations; 77,7 all denote integers;
x.,(k),x (k),x..(k) are all unmutated individuals; w is the coefficient of variation. mutated individuals; w is the
coefficient of variation.

(2) After obtaining mutated individuals, crossover operations can be performed on mutated and unmutated
individuals to obtain new individuals to increase the diversity of gray wolves as follows:

2 (k) = {vi (k) rand < p, 43)

x,(k) rand > p,

Here, z,(k) is the new individual produced when the number of evolutionary generations is k; p; is the
selection probability; rand is a random number in the range of [0, 1]; and x,(k) is the unmutated individual.

(3) Selection operations are performed on new individuals and parents to obtain individuals with better fitness
values as follows:

z, (k) f(z,(k) < f(x,(k))
x, (k) f(z,(k)> f(x,(k)
Here, f(z;(k)) is the fitness value of individual z,(k); f(x,(k)) is the fitness value of individual x,(k).

(4) Whether to perform the differential evolution operation depends on the selection probability, which is
expressed as:

x,(k+1)= { (44)

W
> x) (49)

Here, f(x;) is the fitness value of individual gray wolf x,; N is the number of gray wolves.

lll. C. 3) Model solving
In order to realize the economic operation of VPP, the article adopts the hybrid gray wolf algorithm to solve the VPP
economic dispatch model, and the solution process of HGWO algorithm is as follows:

(1)Set the VPP operation parameters, each equipment operation constraints and scheduling period, the VPP
operation parameters mainly include each equipment output situation, equipment operation parameters, load
demand and interruptible load, and so on.

(2) Initialize the gray wolf population and set the HGWO parameters, which mainly include the number of gray
wolves, selection probability, and upper limit of evolutionary generations.

(3) Take the minimization of VPP operation cost as the search objective of the HGWO algorithm, use the objective
function Eq. (1) to calculate the value of individual adaptation of gray wolves, and determine the @ wolf £ wolf,
o wolf, and @ wolfin the population by comparison;

(4) Calculate the selection probability p, according to Eq. (45), and update the gray wolf position using Eq. (38)
to Eq. (40) if p, >rand is satisfied, otherwise, update the gray wolf position using Eq. (42) to Eq. (44).

(5) Determine whether the current number of iterations reaches the pre-set upper limit value, if yes, the current
optimal solution is obtained, i.e., it is the minimum operating cost of VPP; if not, the program returns to the previous
step.

IV. Analysis of examples

IV. A. Optimal Scheduling Tests of Virtual Power Plant Loads under Source-Load Uncertainty

IV. A. 1) Parameterization of the virtual power plant structure

A virtual power plant is established in the simulation software, with the following components: 120MW photovoltaic
power plant, 40MW electric boiler and 210MW wind farm. The heat price of the virtual power plant and the standard

coal price is 100 Yuan/MWh, 493 Yuan/t. The ratio factor of electricity traded with the grid is 0.05. The hourly
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operation and maintenance cost of the wind farm and the photovoltaic power plant is 12 Yuan/MW, 23 Yuan/MW,
respectively, and the relative errors of the two source-load predictions are 11% and 6%. If the electric boiler is a
10kV electrode hot water boiler, its electric heat conversion efficiency is more than 99%. According to the

characteristics of source-load uncertainty, the parameter values set the relevant load information as shown in Table
1.

Table 1: Load parameter information

Parameter name Numerical value
Interrupt section/MW [0,11]
Excitation section/MW [0,8]
Interruptible standby compensation coefficient 0.5
Unit scheduling cost coefficient 0.89
Incentive backup compensation coefficient 0.37
Price discount rate/% 0.77

Let the real demand of the load be equal to the source-load forecast value of the day-ahead, then the load demand
as well as the day-ahead tariff situation are shown in Fig. 2, respectively.
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Figure 2: The load requirement of the virtual power plant is a schematic of the last price

IV. A. 2) Analysis of the effect of optimal scheduling of loads in virtual power plants
Under the precondition that the confidence level of the rotating standby reliability opportunity constraint of the virtual
power plant is 1, the simulation software is used to plot the changes in the next day's output estimates for different

optimal dispatch strategies under multiple markets, under demand response, and under the source load uncertainty
in this paper, as shown in Fig. .
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Figure 3: The next day of the virtual power plant is estimated to be the output of the electric boiler

After combining the power curve in the previous section with the trend of the electricity price in the previous day,
it can be seen that: the method in this paper is based on the source-load uncertainty of the normal distribution, and
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through the curtailment of the power and load probability distribution model, combined with the optimal scheduling
objectives of energy consumption and operation cost, in the low electricity price interval, in order to achieve the
purpose of stop-loss, the power of the virtual plant is adjusted downward, so that the maximum power of the electric
boiler is exactly the minimum load demand of the virtual power plant (that is, 249 MW); in the high electricity price
interval, the heat supply of the electric boiler is greatly reduced to increase the revenue. 249 MW); in the high
electricity price range, the output is greatly increased and, at the same time, the heat supply of the electric boiler is
greatly reduced to increase the revenue. However, the comparison method does not make effective real-time
scheduling in response to changing trends in electricity prices, resulting in additional energy consumption by the
virtual power plant.

The schematic diagram of the reserved rotating reserve capacity a few days ago is shown in Fig. 4. Combining
the rotating reserve capacity of each optimal scheduling method shown in Fig. , it is found that compared with the
GWO method, the method in this paper reserves appropriate positive and negative rotating reserve for the peak
and valley zones of the tariff according to the two optimal scheduling objectives of maximizing the amount of energy
consumed and minimizing the operating cost. In the peak-valley zone of the tariff, the method utilizes less negative
spinning reserve capacity and more positive spinning reserve capacity to reduce the output of the power plant and
solve the problem of insufficient output of wind farms and photovoltaic plants; in the peak-peak zone of the tariff,
the method also increases the output and obtains the revenue by appropriately reserving the positive and negative
spinning reserve capacity; in terms of spinning reserve capacity of interruptible and incentive customers, the method
adopts the following method: (1) the power plant and flexible loads are dispatched by the method, (2) the power
plant is dispatched by the method, and (3) the power plant and flexible loads are dispatched by the method. For the
spinning reserve capacity of the dispatching plant and the flexible loads, the positive spinning reserve capacity for
the high tariff band is shared by the flexible interruptible load users to increase the output; for the negative spinning
reserve capacity for the low tariff band, the flexible incentive load users are used to reduce the output loss.
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—— Motivate the user to negative spin standby

W
f=}

Can interrupt the user plus and minus

N
(=2
1

0 (I —t

. /wﬁw

0 T T T
0 10 20 30 40 50 60

=]
<

Reserve rotary reserve capacity/ MW
S W
1

Time/min

Figure 4: Reserved rotary reserve capacity

From the perspective of economic benefits of different optimization scheduling methods, the optimization
scheduling effect of loads is analyzed objectively, as shown in Figure \5\ According to the values of the three indexes
in the figure, the expected purchasing capital (A1), the expected selling capital (B1) and the overall expected benefit
(H1), it can be seen that after the optimization of scheduling in this paper, the cost of increasing the price of electricity
in order to buy and the cost of decreasing the price of electricity in order to sell are more desirable than that of the
GWO method, and the larger expected benefit indexes further validate that the method can achieve high economic
efficiency, which has certain reliability and feasibility. The large expected benefit index further verifies that the
method can achieve high economic efficiency and has a certain degree of reliability and feasibility.
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IV. B. Simulation and Analysis of Demand Response with Different Load Participation
IV. B. 1) Description of example parameters

The VPP consists of 1x2MW gas turbine; 2x2MW wind power plant as well as energy storage and customer load.
The maximum output of the gas turbine is 2MW; the parameters of energy storage are shown in Table 2; Table \3\
shows the time-sharing tariff table formulated by the VPP dispatch center, and Figure b\ shows the wind power and
load output curves. The auto-elasticity coefficient of price demand response is taken as -0.2, cross elasticity
coefficient is 0.03.MATLAB toolkit is used to solve the model.
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Figure 6: Wind power and user load curve

Table 2: Storage battery parameters

Maximum charging power /MW

Minimum storage energy/MW h

Maximum storage energy/MW h

Charge discharge/(yuan MW/h-1)

2 1 3 Market price
Table 3: Hourly tariff meter
Peak valley Time period Electrovalence (yuan/k W-h)-1
Peak 7:00-8:00,11:00-14:00,18:00-21:00 0.5578
Flat 8:00-11:00,14:00-18:00,21:00-23:00 0.5158
Valley 23:00- The next day 7:00 0.3179
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The day-ahead and real-time tariff curves are shown in Figure 7.
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Figure 7: Current and real-time market price curve

IV. B. 2) Analysis of simulation results
1) Simulation and analysis of different loads participating in demand response

Consumers and VPPs are regarded as equally important subjects of interest, and are analyzed in the actual
scheduling considering that users and VPPs occupy the same position.

Scenario 1: Customers do not participate in demand response.

Scenario 2: Only Class | and Il loads participate in price demand response.

Scenario 3: Only Class Il loads participate in incentive demand response.

Scenario 4: Class I, I, and Ill loads participate in demand response at the same time.

The comparison of the actual benefits of virtual power plants under different scenarios is shown in Table @ As
can be seen from the table, the VPP gain is minimized when the user does not participate in DR, and the VPP gain
is maximized when the user 3 loads participate in DR at the same time, the VPP output meets the load demand and
there is part of the processing sold to the electricity market.

Table 4: Comparison of actual earnings of virtual power plants

Scene Earnings/yuan Unit cost/yuan User compensation /yuan Market transaction /yuan
Scene 1 172693.216 240.1075 0 -4592.941
Scene 2 2515141 212.3707 0 -4216.0485
Scene 3 250944.05 231.0767 14784.235 1146.2725
Scene 4 251515.3 199.2111 4986.22 3382.804

2) The state of VPP energy storage device and gas turbine output curve when the load is finely engaged in
demand response.

The state of energy storage charging and discharging and the gas turbine output curve are shown in Fig. B\ From
the figure, it can be seen that when the output before VPP day is greater than the actual output, the energy storage
absorbs a small amount of power at this time, such as at 6 o'clock when the storage device is in the state of energy
storage; when the VPP day is less than the actual output, due to the peak transfer of a portion of the load volume,
the storage device is in the discharging state, such as at 18 o'clock.

4389



@
Research on Optimizing the Automatic Load Regulation of Virtual Power Plants Using Fuzzy Logic Algorithm under the Framework of Electronic Scale

1.0

0.8

0.6

0.4

Power/MW

0.2 4

0.0

Gas turbine output

Scene 1 storage and discharge

Scene 2 storage and discharge

-Scene 3 storage and discharge
Scene 4 storage and discharge

02

-0.4

Time/h

Figure 8: Energy storage and discharge state and gas turbine output curve

3) Load profiles for refined categorization of participation in demand response

The demand response load curves for different scenarios are shown in Fig. 9. From the figure, it can be seen that
the peak-to-valley difference of the load curves participating in DR its curves after the load refinement are all reduced.
Scenario 1 has a better valley filling effect; Scenario 2 has a better peak shaving effect; and Scenario 3 has a
smoother load curve. The cost of electricity consumption of customers under different scenarios is shown in Table
5. It can be seen that when the three types of loads participate in DR at the same time, it shows that the load
refinement can promote the user demand response and the user's electricity consumption cost is minimized.
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Power/MW

Original load curve
Scenario 2
Scenario 3
Scenario 4

Time/h

Figure 9: Demand response load curve of different scenarios

Table 5: User use of electricity for different scenarios

Scene Power cost (yuan)
Scenario 1 40753.25
Scenario 2 40584.5842
Scenario 3 39876.1137
Scenario 4 38972.1096

4) VPP unbalanced output analysis

As the actual wind power output and the planned output deviation, in the VPP on the load refinement of the
participation of DR and energy storage device charging and discharging to compensate for the deviation, if there is
still a deviation, i.e., for the unbalanced output, the VPP imbalance in three scenarios as shown in Figure \10.

In the figure, the output above the axis is positive on behalf of the VPP power market sales, and below the axis
is the VPP power purchase from the power market. As can be seen from the figure, when class | and Il loads
participate in price demand response through the transfer of load volume, the load volume of the VPP insufficient
output period is transferred to the period of more output; by interrupting a part of class Ill loads to reduce the
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Figure 10: VPP unbalanced output

V. Conclusion

The virtual power plant economic optimization scheduling model is established with the objective function of
minimizing the total cost of VPP operation cost. The differential evolution idea is introduced into the GWO algorithm,
and the differential evolution strategy is used to make the algorithm jump out of the local optimum in time to obtain
the HGWO algorithm, and simulation experiments are carried out. The experimental results show that the HGWO
algorithm has a better regulation of the peak-trough of the electricity price, and can achieve economic benefits with
reliability. From the comparison of the state of VPP energy storage device, load curve, user electricity cost and VPP
unbalanced output, it can be seen that the price demand response fills the valley with stronger ability, the peak
shaving ability of incentive demand response is stronger, the peak-valley difference of the load curve of the three
types of loads participating in demand response at the same time is minimized, the VPP gain is maximized, and the
user electricity cost is minimized, and a win-win situation for the VPP and the user is realized.
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