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ABSTRACT

In order to realize the strategic goal of environmental protection and low carbon, designing a set of
resource clustering and regulation strategies that take into account energy saving and operating costs has
become a research challenge for virtual power plants. In this study, the ICEEMDAN-CNN-SSDAE hybrid
model is used to realize high-precision prediction of electricity price and load data in virtual power plants.
The objective function and constraints of resource clustering and cooperative regulation of virtual power
plants are established under the condition of demand response, and solved by Markov process. Finally, the
virtual power plant resource clustering and co-regulation model is constructed on the basis of the deep
reinforcement learning model framework by combining the prediction model and objective function. The
results show that the ICEEMDAN-CNN-SSDAE model proposed in this paper can guarantee high
prediction speed (0.062s and 0.059s) while having high prediction accuracy. It is also found that the average
capacity of the output power of each component in the virtual power plant system after the model clusters
and optimizes the regulation of a virtual power plant resources increases by 0.535-0.686 MW /h compared
with the pre-optimization period, and the economic efficiency and energy utilization are also improved to
different degrees. The research in this paper verifies the rationality and effectiveness of the proposed model,
and provides certain theoretical basis and guidance method for virtual power plant resource clustering and
cooperative scheduling.

Keywords: ICEEMDAN-CNN-SSDAE, objective function, Markov, deep learning, virtual power plant

1. Introduction

In recent years, many countries are exploring the energy development model combining Internet
technology and renewable energy technology, with smart grid as the resource allocation center, building
horizontal multi-source complementary, vertical source network, load and storage coordination of multi-
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energy coupling system, energy Internet came into being [1-27]. Under the architecture of the energy
Internet, the energy supply and demand system is a “source-network-load-storage” complex, and various
energy sources such as electricity, heat, cold, gas, etc. are coupled with each other from the demand side to
the supply side and are interconnected. In this context, FRs not only include distributed power generation
resources such as wind, light, and biomass, and distribution-side and demand-side resources such as energy
storage, electric vehicles, and controllable loads, but also accommodate a variety of energy-coupled
equipment, including cogeneration units, gas-fired boilers, gas-fired absorption chillers, electric boilers, and
electric chillers, etc. [3-47].

As an effective means of aggregating IFRs, with the help of advanced communication, metering, control
and other technologies, virtual power plants can realize energy gathering, energy storage, energy supply
and consumption without changing the respective grid-connected mode and geographical location of FRs,
effectively connect FRs and power systems, realize resource integration and distribution, and gradually
participate in the operation of distributed energy resources in the power wholesale market as an
aggregation entity, which is an important way for smart grids to achieve interaction and intelligence on
the energy supply and demand side [ 5-77]. Compared to the horizontal single energy composition of the
traditional power plant, the virtual power plant incorporates a large number of distributed energy sources
such as renewable energy, energy storage, and controllable loads, breaks the monopoly institutionally, and
builds a power plant architecture that combines horizontal multi-complementary and vertical source-grid-
load-storage coordination [8-107. In addition, the respective advantages of different FRs can be utilized
to provide multiple types of services such as energy balancing, reactive power/voltage support, spinning
standby, frequency regulation, and blocking management for the power grid, which demonstrates certain
economic value [11-127.

However, the operational characteristics of FRs pose challenges for resource aggregation clustering and
optimal scheduling of VPPs at the energy scale, spatial scale, and time scale [ 13-147. How to break the
situation of separate management of energy systems such as power supply, heat, cold and gas, and realize
the complementary coupling of multiple energies, puts forward higher requirements for VPP to coordinate
the scheduling and coordination among multiple energies. FRs are scattered in the independent operation
of the regional power systems, which increases the complexity of the spatial scales, and the different types
of FRs have great differences in the regulation speed, regulation range, regulation duration, etc., and they
provide auxiliary services for the power grid across multiple time scales, increasing the complexity of the
time scale [15-177.

In the context of new power system construction, the virtual power plant fully exploits the innovation
driving force brought by data elements to realize the call and efficiency of distributed resource value
creation [ 157]. From the perspective of quality and efficiency, the connotation of new quality productivity
includes improving the quality of production processes and products, which is manifested in the access and
development of green power on the grid side, and the aggregation of more distributed new energy
resources in the virtual power plant, which is of" great significance in promoting China's energy economy
towards green and healthy development, and in promoting the high-quality development of the economy
and society under the dual-carbon goal [19-207.

Aiming at the problem of coordinated scheduling of virtual power grid resources, scholars use
algorithmic research, comparative research, and theoretical analysis research methods, aiming to deeply
understand the significance and mechanism of virtual power grid resource regulation, as well as to discover
the optimization path of virtual power plant resource scheduling. Dall'Anese, E et al. conceived a real-time
algorithmic framework for adapting distributed energy aggregation in smart grids and combined it with
an online primal-dual-type approach for time-varying optimization problems and a proper linearization of
the nonlinear AC tidal current equations for controlling the regulated output power of the grid, and finally
verified the feasibility through simulation experiments [217. Nosratabadi, S. M et al. comparatively studied
microgrid and virtual power plant distributed energy scheduling schemes in terms of modeling techniques,
reliability, uncertainty and other dimensions, which deepened the cognitive understanding of the
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advantages and disadvantages of virtual grids and microgrids, and helped to find the optimal strategy for
distributed energy scheduling [227. Naval, N et al. designed a virtual power plant model integrating
existing full-scale distributed renewable energy generation technologies and analyzed the relevant data in
conjunction with a techno-economic scheduling framework, pointing out that the execution of economic
management of production facilities and technologies can eftectively reduce grid dependency as well as
electricity costs [237].

Renewable energy sources bring extreme instability to the supply and operation of power plants due to
the variability of power generation brought about by their intermittent power generation mode, so to
address this problem, many experts have carried out in-depth research around the theory of the virtual
power plant, multi-renewable energy aggregation scheme.Sharifzadeh, M, and others have proposed a data-
driven model based on machine learning techniques to quantity and predict the uncertainty of renewable
energy generation to make a positive contribution to the integration of renewable energy sources into the
grid [247. Roraki, D et al. introduced virtual power plant (VPP) technology in the integration of
distributed energy resources and the promotion of distribution system stakeholder interaction and
communication, focusing on VPP resource-based optimization and adjustment of active and reactive power,
and the integration of renewable energy resources into the grid. active and reactive power optimization
adjustments to maximize the manager's renewable energy integration while linking grid constraints, and
finally demonstrated the above functions with real cases of* virtual power plant operation and emphasized
the added value of the proposed scheme in promoting renewable energy integration [257. Jurasz, J et al.
reviewed the relevant studies on renewable energy aggregation using a literature review methodology, and
pointed out that integrating multiple renewable energy sources into a single power plant can meet the
demand for electricity while reducing the variability of renewable energy generation [267].

The study inputs the sample data related to the historical electricity price and load of the virtual power
plant into the ICEEMDAN-CNN+SSDAE hybrid model, and performs the operations of data sequence
decomposition and construction of feature matrices to realize the prediction of the electricity price and
load of the virtual power plant system, which provides data support for the resource clustering and co-
regulation strategy. Considering the load-demand response of the virtual power plant system, the objective
function and constraints of the resource clustering and co-regulation strategy are designed with the
objective of optimizing the operating cost of the virtual power plant. The objective function and
constraints mathematical model are solved using Markov process, and the optimization model of virtual
power plant resource clustering and co-regulation is constructed based on deep reinforcement learning
framework. Taking a regional virtual power plant as a case study object, we first analyze the prediction
performance of ICEEMDAN-CNN+SSDAE model. Then the optimization model is used to design the
resource clustering and regulation scheme of the virtual power plant by combining the prediction data,
and the optimization and regulation effect is analyzed to explore the implementation effectiveness of the
proposed regulation model.

2. Modeling of virtual power plant resource clustering and co-regulation

2.1.  Virtual power plant tariff-load forecasting methodology

The tariff-load prediction method plays an important role in the resource clustering and cooperative
regulation strategy for virtual power plants. Therefore, this paper proposes a hybrid algorithm based on
ICEEMDAN-CNN+SSDAE [277] to solve the problem of high-precision intelligent prediction of tarift-

load in virtual power plant (VPP), and the prediction process is shown below.
1) Input sample sequences of historical tariffs/loads and sample sequences of tarift/load-related

influencing factors for forecast day d, and combine the sample sequences into the original feature time

series matrix {Xo} for forecast day d. Then perform a number of preprocessing operations on the

original feature time series matrix {XO} , including detection and filling of missing outliers, normalization

of the data magnitude, and so on.
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2) After the preprocessing operation, the input feature time series matrix to be trained is decomposed by
the ICEEMDAN decomposition algorithm into K intrinsic mode function (IMF) subsequences

containing multiple frequency magnitudes X", k =1,2,---,K . Each frequency subsequence is sorted in
descending order of its frequency from highest to lowest. In {X,imf} , the K th IMF frequency

subsequences of the same frequency class are combined together to assemble a new K th frequency time
series feature matrix Y™, and the operation is repeated to obtain a series of K multi-frequency 2D

feature matrices {Ykimf } .

3)The k and Y™ in the multi-frequency 2D feature matrix {Ykimf } are used as the input vectors of

the Kk th CNN feature extraction module, and the convolution layer in the CNN feature extraction module
extracts and outputs the feature vector result Y, " of Y™ . Then the pooling layer in the CNN feature

Y conv, pool
k

extraction module calculates the maximal pooling result of the convolutional information to

turther reduce the complexity, and then spreads it into one dimension to obtain the multi-frequency one-

. . .. —conv, pool
dimensional feature matrix in the Flatten layer Y«

4) For each hidden layer in the Kk nd SSDAE containing L SSDAE, 1=1,2,---,L the SAAE, encoder
f() based on the |th SDAE layer in the Kth SSDAE compiles and maps the multi-frequency one-

—conv, pool

dimensional feature matrices Y« of the current loop into implicitly encoded information H| , which

is then H, converted by the decoder ¢ () to decode and reconstruct the output signal Ylk .

5) Determine whether the current number of iterations | has reached the total number of L
iterations. If the number has not yet reached the iteration limit, re-execute the SUAE,™ of the next SDAE

layer to update the SSDAE prediction model again and output the new signals Y L+l . Otherwise, output the
SdAE, implied values of each SDAE layer and update the hidden layer weights of SUAE, each SDAE
layer.

6) If the frequency order K of the current loop cycle has reached the total number of IMF frequency
subsequences K, the CNN+SSDAE hybrid model training process fognnagsdlale\/IF trequency subsequences

X" is completed and K multi-frequency prediction subsequences Y are outputted, respectively.
Otherwise, kK=Kk+1, step (5) is repeated.

nn d
7) The K multi-frequency prediction subsequences Yiz,jji * are algebraically summed to finally

obtain the final prediction value of tarift/load.

2.2.  Objective function and constraints establishment

Under the current environment of rapid evolution and continuous improvement of the power system,
flexible load is an important dispatchable flexibility resource of VPP on the user side, and demand response
provides users with new methods and strategies to solve the problems of system peak flexibility and
smooth load fluctuations. Demand response reduces the peak load pressure on the grid by guiding users to
actively adjust their energy use, and realizes “peak shaving and valley filling”, thus optimizing the system
operation state. In order to fully utilize the flexibility resources in VPP, this paper constructs a VPP
resource clustering and cooperative regulation model considering demand response [287. First of all,
according to the user's energy consumption characteristics and the length of time to respond to the VPP
regulation instructions, the demand response is divided into two categories: price-type and incentive-type,
and the mathematical model and response mechanism are established in the day-ahead and intraday time
dimensions respectively. Then the day-ahead-intraday resource clustering and cooperative regulation
optimization operation model of VPP considering demand response is constructed with the objective of
optimal operation cost of VPP.

In this paper, the load demand response in VPP is divided into two forms: price-based demand response
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(PDR) and incentive-based demand response (IDR). Price-based demand response refers to the time-of-use
tarift mechanism, where users usually reduce electricity consumption during the peak period of the tarift,
and increase electricity consumption during the trough period of the tariff, so as to realize the peak shaving
and valley filling, and to enhance the economy of the system through the time-of-use tarift guiding the
transfer of users to the time of electricity consumption. Incentivized Demand Response (refers to
incentivizing users to adjust their electricity usage by providing them with a certain economic subsidy.
Hydrogen Load Demand Response (HDR), as a type of incentive-based demand response, guides users to
change the time of use of electricity through certain compensatory means.

2.2.1.  Objective function:

1) Day-ahead scheduling objective function. The optimization objective is to minimize the total cost of VPP
and increase the response cost of Class A IDR as shown in Eq:

F=C +Cm+C +Ceaor

buy cut

St At e A (1)
Cenor = Z (Cor ADR,t +Cpr ADR,t JAt
=1

The optimization objective is to minimize the total cost of VPP and increase the response cost of Class
A IDR and HDR as shown in Eq:

F= Cbuy + Cope + Ccur + CEADR + CHDRl

T
CEAIDR = Z (C:\DR AI;R,t +Capr AI;R,t )At (2)
t=1

T

CHDR = Z (CHDR H DRt )At

t=1

2) Intraday scheduling objective function. The response cost of adding Class B IDRs to the intraday
dispatch objective function is shown in Eq:

F,=C +CW+C + Ceapr

buy cut

SRt e B (3)
CEBDR = z (CBDR BDR,’( + CBDR BDR,t )At
t=1

2.2.2.  Constraint design. The constraints in the operation of the virtual power plant resource clustering
and co-regulation model are as follows.

1) Balance constraint. The model operation satisfies the supply and demand equilibrium constraints as
shown in Eq:

Npg Npy

Nwr
PE,t + Z PPG,t,i + Z PPV,t,i + Z PWT,t,i - PHp,t + PI-?,t = Pload,t (4)
i=1 i=1 i1

2) Renewable energy unit operation constraints. The operation of wind and PV satisties the upper and
lower constraints on the output as shown in Eq:

O = I:)PV t < PPF:/r?t (5)
0<Ry, <R

WT.t —
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3) Conventional thermal unit operation constraints. Conventional thermal unit operation is constrained by
the upper and lower limits of allowable output as shown in Eq:

PPG,min < PPG,t < PPG,max’ Ui ¢ =1
P.. =0, u.=0

PGt

(6)

where Pog i B

b ma 15 the upper and lower limits of the thermal power unit's output.

4) Conventional thermal power unit climbing constraints. Conventional thermal power unit operation is
constrained by power creep in adjacent time periods as shown in Eq:

{PPG,i,t - PPG,i,t—l < ui,t Riu

R (7)

PPG,i,t—l - PPG,i,t i1t

where R/’ is the climbing rate of the thermal power unit.

5) Conventional thermal power unit start-stop constraints Thermal power units are not allowed to start
and stop frequently, must be maintained for a certain length of time on or off state before allowing changes,
start-stop constraints are shown:

(ui,tfl - ui,t)( i,otrll _Ti,on) 2 O (8)
(ui,t - ui,t—l)(Ti,(ifjl _Ti,off )20
where T, ., T,  is the start-up and shutdown time of thermal power units.

6) Purchased power constraint. The purchased power from the superior network satisfies the constraint of
equation (9):
0< Pt < Peax (9)

2.8.  Virtual power plant resource clustering and regulation optimization model

In this paper, the observation period of a virtual power plant system is set to be 24 hours, and the unit time
interval of resource clustering and cooperative regulation operations is set to be 30 minutes per operation,
i.e., an observation day contains 48 regulation actions. The problem can be understood as finding an optimal
solution in a feasible domain within the operation space under a set of constraints to maximize one or more
objective functions. In this paper, the stochastic dynamic optimization problem of virtual power plant
resource clustering and co-regulation is formulated as a class of Markov processes [297. Let

{S,,t€T,S, €S} be a stochastic process and S be the state space of the stochastic process. If for any
time t <t, <---<t, and any state S, <S, <---< S, the distribution function of the stochastic process

S,, under the known quantity S, =s ,---,S, =S5, isonlyrelated to S =S the current moment and

notto S =s.,--,S;, =8, all previous moments, N=12,---,N . The mathematical expression of the

Markov process is as follows:

F(St]Sy, Sty b)) =F(s,t]sy.ty) (10)

where F(s,t) is the distribution function of the stochastic process S, . This property becomes

Markovianity, and a stochastic process can be regarded as Markovian if it always satisties Markovianity.
Combined with the virtual power plant load forecasting model proposed above and the objective function,
etc., this paper invokes a deep reinforcement learning algorithm to solve this type of model-free stochastic
process problem based on modeling the virtual power plant resource clustering and co-regulation problem
as a Markov process. The deep reinforcement learning model [307 is based on an actor-commentator
learning framework, and this basic framework is shown in Fig. 1. Firstly, the intelligent body applies an
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action to the environment and obtains the corresponding state and reward (punishment) feedback from the
environment, and the intelligent body guides itselt to update the action strategy according to the reward
(punishment) obtained from the feedback, and continuously adopts the optimized action strategy in order
to change the state of the environment, and ultimately achieves the highest cumulative reward payoff in
the continuous iterative training process. The way the environment interacts in deep reinforcement
learning is generally described mathematically in terms of a Markov process, which usually consists of a
quintuple (S,A,P,R,y) that includes an intelligent body state space S, an action space A , a transfer
probability P, a reward payoft function R , and a discount factor y. Let the current iterative training
round be the tth, the actor will first select an action A based on the operational state S, of the VPP
environment at the current t moment and act on the virtual power plant environment by means of an
action policy within its policy network A,. Subsequently, the VPP environment performs an environment
state transfer according to this action strategy A before transferring to the environment state S, at the
next moment t+41. The mathematical operating scenario for the next moment t+1 is then generated by
combining the stochastic factors such as renewable energy output, tarift changes, load demand, etc. of the
VPP environment at the current t moment with the calculation of the output of units such as the
electric-heat-cooling supply equipment, and the incentive-return function R, =R(S.,A.) at the moment
of the t moment is further computed and fed back to the intelligent body. The intelligent body saves the
learning record (S,,A,R;,S;) of this iteration into the experience playback pool of the deep
reinforcement learning model. Then samples of the action strategies and environment states of a small
batch of actors are sampled and input to a commenter, which outputs a set of action-value functions
Q(S,,A) to judge the merits of the action strategy.

CCHP-VPP environment model Sampling Agent experience playback pool
strategy
Reward L. .
t Empirical sampling
Environmental Action re rurn .' .
state strategy t ; JJ ore
SI A (Stl Ar rtast) sample

Deep reinforcement learning agent model

Actor network Critic Target network | goft Critic network
¢ " update Q”

T

Fig. 1. VPP resource cluster and coordinated regulation model
3. Analysis of virtual power plant resource clustering and regulation algorithms

3.1.  Virtual power plant case scenario analysis

8.1.1.  Crew parameters. In this paper, 85 wind turbines, 5 x 20 photovoltaic arrays, 25 MW-h battery
packs, four 10 MW electric heat boilers, and two 220 MW cogeneration units in a certain area are used as
research objects to construct a virtual power plant (VPP) containing large-scale clean energy for joint
scheduling of heat and power supply. Among them, the parameters of the CHP units are shown in Table
1. The number of scheduling periods T = 24, the unit scheduling time is At = 1h, and the power output of
each generation and heat production unit as well as the interaction power within At is set to be constant.
=0.36, S, =0.74. In addition, this paper
utilizes a computer containing four processors (cores) to initiate the resource clustering and co-regulation

For the energy storage system hSmin =0.24, hSmaX =0.75, S

min

strategy of the virtual power plant proposed above based on the deep reinforcement learning algorithm,
and solves the clustering and regulation model of this virtual power plant.
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Table 1. Thermoelectric unit parameters

Unit a £ A 4 @ o
1 0.00046 0.28452 0.00011 0.00069 0.09263 0.94251
2 0.00046 0.27936 0.00013 0.00070 0.09124 1.00262
. down up up down
1,2 40MW 40MW 2.5h 2.5h 126 MW 2238.48MW
Unit Cy Cn hmed hmax el Theat
1,2 0.22417 0.45263 128MW 26MW 0.55yuan 0.39yuan

3.1.2.
cut-in wind speed of 3.2 m/s, a rated wind speed of 13.4 m/s, and a cut-out wind speed of 25.6 m/s. The
shape coefficients & and y in the output power of the photovoltaic (PV) generating unit are taken to be
0.29 and 8.62. The wind, PV, and load demand in the virtual power plant are shown in Table 2. Comparing
the peak, valley, and normal segments of the delineated load curve in the related study, the electricity price
is 0.53 yuan/(kW/h) before participating in the price-based demand response, the electricity price is
adjusted upward by 22% during the peak hours of the load consumption after participating in the demand
response, the electricity price is adjusted downward by 35% during the low hours of the load, and the

Load demand analysis for virtual power plants. The wind turbine in the virtual power plant has a

electricity price during the normal hours is the same as that before non-participation in the price-based
demand response. It is assumed that incentive-based demand response provides spinning reserve capacity
prices of 0.25 yuan/(kW/h) and 0.67 yuan/(kW/h), respectively, and the price of demand response
participation in the electricity market is 0.48 yuan/(kW/h). The price of charging and discharging the
energy storage unit enjoys the peak and valley time-sharing tariff preference. Price-based demand response
is no greater than 0.085 MW for load changes in peak and valley electricity transfers, and incentive-based
demand response is no greater than [10.02 MW for spinning reserve output power.

Table 2. WT, PV and load demand

Time Load/ MW WPP/MW PV/MW Time Load/ MW WPP/MW PV/MW
1 0.76 0.31 (0] 13 0.82 0.83 0.4
2 0.7 0.26 (0] 14 0.87 0.44 0.24
3 0.8 0.49 (0] 15 0.93 0.88 0.4
4 0.78 0.46 (0] 16 0.9 0.88 0.89
5 0.68 0.28 (0] 17 0.81 0.44 0.82
6 0.79 0.87 0.22 18 0.97 0.52 0.81
7 0.71 0.36 0.28 19 0.89 0.81 0.26
8 0.7 0.47 0.1 20 0.89 0.49 0]
9 0.68 0.48 0.12 21 0.89 0.45 0]
10 0.77 0.28 0.29 22 0.99 0.89 0]
11 0.69 0.36 0.17 23 0.81 0.84 0]
12 0.75 0.36 0.19 24 0.88 0.35 0]

3.2.  Analysis of model prediction performance

In this paper, a database is established through the mapping relationship between the historical operating
output data (wind turbine and photovoltaic turbine) of the clean units in this virtual power plant and the
meteorological data corresponding to the output data, such as time (T), predicted temperature (C) and
predicted wind speed (V). The ICEEMDAN-CNN+SSDAE model is utilized to construct the output
prediction models of wind turbines and PV turbines in this virtual power plant, respectively. Finally, based
on the predicted time (T), predicted temperature (C), predicted wind speed (V) and other meteorological
data on the day of the prediction, the trained ICEEMDAN-CNN+SSDAE power prediction model is
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utilized to derive the power data of wind turbine and photovoltaic generator sets on the following day,
respectively. Taking DE-SVM and ELM, which are more effective prediction models in current virtual
power plant applications, as the control group, the obtained model prediction performance analysis results
are shown in Table 3. The ICEEMDAN-CNN+SSDAE model proposed in this paper can achieve similar
prediction results as the DE-SVM model in a shorter time, but the model proposed in this paper greatly
improves the prediction speed (0.062s and 0.059s). Compared with the ELM model, the deep reinforcement
learning model in this paper can significantly improve the prediction accuracy of the relevant data in the
virtual power plant.The prediction results of the ICEEMDAN-CNN+SSDAE model show that the
correlation coefficients between the actual and predicted outputs of the wind turbine and photovoltaic
generating unit are 76.84% and 83.65%, respectively.

Table 3. Predictability can evaluate results

Prediction type

Output of the wind power unit Power generation

Prediction model

Correlation ) ) ) . ) )
. Running time (s) | Correlation coefficient | Running time (s)
coefficient
DE-SVM 0.7489 332.648 0.8152 76.94:1
ELM 0.6319 0.094 0.7743 0.065
ICEEMDAN-CNN+SSDAE 0.7684 0.062 0.8365 0.059

The relative error of ICEEMDAN-CNN+SSDAE model prediction is shown in Fig. 2, and statistically,
the average relative error of the predicted output of wind turbines and the predlcted output of PV
generating units is within 9.78% and 6.45%, respectively. In summary, it is analyzed that it is difficult to
predict the energy unit output in the virtual power plant due to its intermittent and fluctuating
characteristics. Using the constructed ICEEMDAN-CNN+SSDAE prediction model can reflect the
characteristics of the power output of each unit in the virtual power plant to a certain extent, and can
reasonably simulate the power output data of wind turbines and photovoltaic generator sets, which can

help the effective operation of the resource clustering and cooperative regulation model of the virtual
power plant.

20 F

| ‘ | ‘
=20 - Wind generator group
|:l Photovoltaic generator group
1 L 1 1 1 1 1
10 20 30 40 50 60 70 80 90

[==}

(=

Relative error(%)

i
[=]

100

Test data group number

Fig. 2. The model predicts the relative error analysis of the unit

3.8.  Analysis of virtual power plant clustering and regulation optimization effects

3.3.1.  Optimization of regulation schemes. The optimized clustering and regulation scheme of VPP is

derived from the optimal compromise solution of resource clustering and co-regulation strategy of this
virtual power plant obtained by the optimization solution of deep reinforcement learning algorithm. The
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optimized clustering and regulation scheme for each power generation and power consumption unit is
shown in Table 4, and the optimized regulation scheme for thermal energy is shown in Table 5. It should
be noted that the battery charging and discharging volume is only the battery charging and discharging
volume to the system, and does not include the charging and discharging volume to balance the fluctuation
of the output of clean energy units. The heat production of thermoelectricity 2 in the optimized cluster and
co-regulation scheme rises significantly between 7-18h, and the heat production is maintained between
180-250 MW.

Table 4. Energy optimization and regulation plan

Time (h) 1 2 3 4 5 6
Battery discharge (MW) 0 0.56 0 0 0 0
Thermoelectric 1 electricity generation (MW) 147.88 | 136.8 | 154.64 | 129.17 | 188.1 | 152.44
Thermoelectric 2 electricity generation (MW) 189.68 | 130.22 | 103.87 | 158.28 | 118.15 | 166.25
Electric boiler (MW) 0 0 0 0 0 0
Time (h) 7 8 9 10 11 12
Battery discharge (MW) 0 0.39 0 0 0 0
Thermoelectric 1 electricity generation (MW) 139.48 | 176.7 177.9 | 174.86 | 127.05 | 150.87
Thermoelectric 2 electricity generation (MW) 15844 | 126.92 | 167.4 | 163.37 | 116.51 | 105.63
Electric boiler (MW) 0 0 0 0 0 0
Time (h) 13 14 15 16 17 18
Battery discharge (MW) 0 0 0 0 0 0
Thermoelectric 1 electricity generation (MW) 156.87 | 170.08 | 125.54 | 151.61 | 142.09 | 122.75
Thermoelectric 2 electricity generation (MW) 104.22 | 111.18 | 169.08 | 184.19 | 138.35 | 119.79
Electric boiler (MW) 0 0 7.94 26.9 26.9 26.9
Time (h) 19 20 21 22 23 24
Battery discharge (MW) 0 0 0 0 0 0
Thermoelectric 1 electricity generation (MW) 152.16 155.5 | 179.29 | 155.04 | 143.66 | 176.56
Thermoelectric 2 electricity generation (MW) 150.73 | 154.94 | 128.02 | 129.77 | 160.38 | 143.13
Electric boiler (MW) 26.9 26.9 26.9 26.9 26.9 26.9
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Table 5. Thermal optimization control scheme

Time (h) 1 2 3 4 5 6
Thermoelectric 1 heat yield (MW) 146.22 178.22 151.73 169.87 147.99 153.44
Thermoelectric 2 heat yield (MW) 146.38 147.24 137.01 148.17 157.96 148.68

Heat tank (MW) 0 0 0 0 0 0

Time (h) 7 8 9 10 11 12
Thermoelectric 1 heat yield (MW) 226.68 247.9 213.59 209.39 216.38 229.84
Thermoelectric 2 heat yield (MW) 197 4 187.85 213.9 184.76 223.84 234.27

Heat tank (MW) 0 0 8.97 0 0 0

Time (h) 13 14 15 16 17 18
Thermoelectric 1 heat yield (MW) 141.12 157.56 169.78 168.87 176.74 179.28
Thermoelectric 2 heat yield (MW) 225.47 236.92 248.95 241.81 244.1 228.32

Heat tank (MW) 0 0 29.64 71.26 56.94 82.42

Time (h) 19 20 21 22 23 24
Thermoelectric 1 heat yield (MW) 154.55 164.09 151.82 166.55 147.87 177.78
Thermoelectric 2 heat yield (MW) 239.8 223.38 226.59 221.86 221.21 235.02

Heat tank (MW) 0 33.64 52.87 59.42 0 0

3.3.2.  Analysis of optimization and regulation results. In order to meet the energy demand of the virtual
power plant load during peak hours and to improve the consumption capacity of new energy units, wind
and solar renewable energy units are generated as much as possible during peak load hours. The main
responsibility of the micro-fired units, energy storage units and incentive-based demand response in the
system is to provide spare capacity output to meet the load power balance. During other supply hours, the
MFGs and WTGs balance the load energy demand, and the storage units and incentive demand response
provide the spinning reserve capacity output. The results of the conventional and optimized analyses of
resource clustering and cooperative regulation of this virtual power plant are shown in Fig. 3, with (a) and
(b) representing the conventional and optimized regulation results, respectively. In order to avoid the
regulation risk of the virtual power plant due to uncertainties, the system will reduce the fluctuating
renewable energy output power and increase the controllable micro-fired CHP unit output power capacity
instead. Comparative analysis of the conventional system clustering and regulation results with the
regulation and optimization results of the multi-energy virtual power plant proposed in this paper reveals
that the average capacity of gas turbine, wind power, photovoltaic, and energy storage output power in the
virtual power plant system is increased by 0.686, 0.535, 0.535, and 0.550 MW /h, respectively, taking into
account the load demand factor.

0.8 - 1.5
e (Gas turbine === Energy storage 14 [ (a5 turbine e Wind power
0.7 e Photovoltaic === Wind power | pem—Energy storage === Photovoltaic
0.6
205
=04
9
Zosf
0.2F
0.1
0'0 1 1 1 1 .
0 5 10 15 20 0 5 10 15 20
Time(h) Time(h)
(a) Conventional regulation (b) Optimization control

Fig. 8. Comparison analysis of virtual grid regulation
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3.3.3.  Results of the analysis of the benefits of virtual power plant regulation. In order to further explore
the application eftect of the virtual power plant resource clustering and co-regulation model proposed in
this paper based on the deep reinforcement learning algorithm, the benefits of this virtual power plant
before and after the application of the clustering and regulation model are analyzed. The results of the
benefit analysis of the virtual power plant before and after the optimization are shown in Table 6, after the
resource clustering and cooperative regulation optimization, the virtual power plant in the 08:00-10:00,
11:00-13:00, 14:00-16:00, 17:00 -19:00 in the four time periods. The economic returns increased by 15.21%,
20.08%, 10.51%, and 16.30%, and the energy utilization increased by 6.90%, 4.39%, 4.10%, and 4.85%,
respectively. This further validates the effectiveness of the virtual power plant resource clustering and co-
regulation model proposed in this paper.

Table 6. The analysis of the benefit of virtual power plant before and after optimization

) ) Economic benefit (yuan) Energy utilization (%)
Time period N — N — N — —
Before optimize After optimization Before optimize After optimization
08:00-10:00 3694.52 4256.36 89.64 96.54
11:00-13:00 4125.62 4954.25 94.26 98.65
14:00-16:00 4426.38 4891.52 91.24 95.34
17:00-19:00 4112.39 4782.63 88.63 98.48

4. Conclusion

In this study, the ICEEMDAN-CNN algorithm and SSDAE algorithm are combined to design a forecasting
model for tariff-load in virtual power plant system, and the objective function and constraints for optimal
operation cost are proposed with consideration of the load demand response of the virtual power plant,
and then the resource clustering and cooperative regulation model of the virtual power plant is constructed
based on the deep reinforcement learning framework. The validation results show that the ICEEMDAN-
CNN+SSDAE model proposed in this paper can achieve similar prediction results as the DE-SVM model
in a shorter time, but the model proposed in this paper greatly improves the prediction speed (0.062s and
0.059s). Analyzing the effectiveness of the model's optimization and regulation implementation in a
regional virtual power plant, it is found that the average capacity of gas turbine, wind power, photovoltaic,
and energy storage outputs in the virtual power plant system increases by 0.686, 0.535, 0.535, and 0.550
MW /h respectively compared to the pre-optimization period after considering the load demand factor. At
the same time the economic return of the virtual power plant increased by 10.51%-20.08%.

This paper proposes the virtual power plant resource clustering and cooperative regulation strategy
considering demand response, which provides new ideas for the development of energy storage technology
and demand response in the current virtual power plant, and has positive reference and reference
significance for promoting the development and application of virtual power plant.
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