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Abstract: The electricity spot market is now being implemented in China. Demand response,
as a kind of flexible resource, is also being studied and explored for the constructed power market.
Among the many demand response applications, the virtual power plant (VPP) as an aggregator of
distributed energy resources (DERs), receives ever-increasing attention. However, the participation
manner and related impacts of the VPP to the electricity spot market are still unknown within
the current power market rules. Under this background, obeying the present trading rules of China’s
electricity spot market, a two-stage dispatching model with optimized bidding and operating strategy
in the day-ahead (DA) and real-time (RT) market for the VPP is proposed. In the designed model,
the conditional risk value (CVaR) is adopted to address the risk encountered by the uncertainty of
the electricity spot market price. The impact of the user-side over-deviated revenue mechanism
(UORM) of the China spot market on the income of the VPP in the DA and RT market is also analyzed.
For a full evaluation, different coefficients for the influence of DA and RT risk, UORM, and energy
storage system (ESS) are tested to investigate their respective impacts on the revenue of the VPP.
The simulation cases prove that the proposed method is helpful for the VPP to optimize DERs’ output
in the electricity spot market according to its own risk preference.

Keywords: conditional risk value; demand response; electricity spot market; virtual power plant
(VPP); two-stage dispatching

1. Introduction

The power trading volume of China is constantly increasing, and exceeds 200 billion kWh,
accounting for 30.2% of total electricity consumption in 2018 [1]. However, the transaction was
mainly transacted in medium and long-term contracts with no electricity spot market. To solve
the problem of power deviation caused by inconsistent power purchase and consumption, and also
explore the commodity value of electricity, the National Development and Reform Commission issued
the Basic Rules for the operation of the electricity market in 2015 [2]. This document puts forward
the basic framework and has released implemented instructions on the construction of the electricity
spot market. Currently, the spot market of the Zhejiang province is at its initial stage with the goal of
having the same market system as PJM (Pennsylvania—New Jersey—Maryland, a regional power
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market organization in USA) [3], and Guangdong province has allowed the market participants to bid
on the spot market and settled with node price [4].

In China, the electricity market is regulated by government departments, such as South China
Energy Regulatory Office of National Energy Administration, which is responsible for formulating
power market operation rules and determining parameters, such as upper and lower bounds of
generation bidding [5]. As the electricity spot market is being developed, various new market elements,
such as ancillary service, demand response, etc., are applied. Among the many demand response
applications, the VPP (Virtual power plant) receives ever-increasing attention. As a kind of distributed
energy aggregator, the VPP can make higher utilization of renewable energy resources, demand response
(DR) and ESSs (Energy storage systems), through advanced measurement, communication, and control
technologies [6,7]. The VPP also improves the overall economic benefits under spot market price.
Currently, the research on the VPP mainly focuses on directions, including the uncertainty processing
of renewable energy, multi-time scale dispatching, multiple energy forms, and objective functions
considering internal resource consumption and economic optimization. To solve the intermittency
and fluctuation of renewable energy, methods such as stochastic and robust scheduling are used
to address the uncertainty in the determining model in [8–10]. With advanced VPP dispatch,
the operation cost and renewable energy consumption can be reduced through the coordination of
the ESS and DR [11–13]. In [14], weekly prediction of market price and renewable energy output was
proposed to solve the mid-term VPP dispatch problem, where the model is built as a mixed integer
programming (MIP) problem and solved with CPLEX [13]. With multiple energy forms in the VPP,
such as heat, power, and gas, the model of multi-energy transformation and transmission is proposed
in [15–17] to improve multi-energy consumption or reduce the operational cost.

Meanwhile, the participation manner and related impacts of the VPP to the electricity spot
market are still unknown. Generally, the electricity spot market always includes multiple markets,
such as the DA (Day-ahead) market and RT (Real-time) market. However, among the emerging
researches, many mainly focus on the VPP DA market bidding strategy and distributed energy resources’
(DERs) aggregation with little attention on the scheduling problem involving multiple markets [18–20].
In [21], under the DA market environment, the model of renewable energy and bidding strategy of
the VPP was proposed to optimize the 24-h scheduling problem. In [22], the VPP DA market bidding
strategy and distributed algorithm aimed at improving the solving efficiency and speed were proposed.
In [23], the intraday demand response market, DA market, and bidding preference were considered
in the model of the VPP. The method proposed can ensure economic income and renewable energy
consumption. While in the China spot market, the UORM (user-side over-deviated revenue mechanism)
is a unique mechanism. In brief, the UORM sets an allowable ratio to limit the behavior of participants
via over-bidding or under-bidding in the DA market [24]. Nevertheless, the application of the VPP to
the spot market, especially under the UORM, is rarely studied and needs to be further explored.

In this work, the aim is to investigate VPP behaviors under the electricity spot market structure of
China. To achieve this goal, a two-stage dispatching model with optimized bidding and operating
strategy in the DA and RT market for the VPP is proposed. For the electricity spot market, the spot
market price tends to fluctuate and is difficult to predict, which can lead to trading risks for the market
participants. Therefore, the uncertainty of market price is also studied. Generally, portfolio theory is
an effective way to solve the problem of price fluctuation risks and is adopted to deal with the spot
market price uncertainty. In the designed method, the CVaR (Conditional risk value) which originated
from the portfolio optimization model, which satisfies the consistency risk measurement condition,
is applied [25].

The specific goals and contributions of this paper are identified as follows:

1. The trading mechanism of China’s electricity spot market is introduced. Specifically, the DA
and RT markets together with the UORM trading rule, are illustrated in detail to elaborate on
the China electricity spot market.
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2. A two-stage scheduling model of the VPP incorporating the market rules of China’s electricity
spot market is proposed. In detail, the first stage of the model decides the bidding curves of VPP
in the DA market while the second stage regulates its actual operation curve in the RT market.
Via the proposed mechanism, the behaviors of VPP internal resources and its overall output in
the DA/RT market can be optimized.

3. The uncertainty of market price is studied. Specifically, the CVaR is adopted to investigate
the influence of price uncertainties on VPP behaviors, and the income considering price uncertainty
and VPP output and have been comprehensively evaluated.

4. The influence of the UORM on the revenue of the VPP is also analyzed. This gives more insights
into user behaviors and demonstrates that the VPP can help mitigate the deviation between
the bidding curve and the actual operation curve.

The remainder of this paper is organized as follows: Section 2 describes the trading mechanism of
China’s electricity spot market. Section 3 puts forward the participation framework of VPP and its
two-stage scheduling model. Section 4 introduces the theory of the CVaR. Section 5 presents a case
study and simulation results. Finally, Section 6 concludes the paper.

2. Trading Mechanism of China Electricity Spot Market

Currently, the Chinese power market includes an energy market and an auxiliary service market.
The “spot market” discussed in the paper refers to the energy market, and it consists of the DA and RT
market. The characteristics of the electricity spot market are introduced below.

(1) Centralized optimization of market power The market participants must bid for their plan of

power production and consumption in the DA market, meaning that all the electricity must be traded
on the spot market. The electricity would then be settled based on the 24-h prices calculated by
the system control center, rather than the traditional mode where the difference in power between
the long-term contract and spot market is settled in the spot market.

(2) Nodal price

The spot market price is formulated by the control center of the grid based on the method
of “SCUC (Security Constrained Unit Commitment)” and “SCED (Security Constrained Economic
Dispatch)”, considering constraints such as network security, load forecast, etc. [26]. When calculating
a market price, the SCUC is the first step and applied to arrange the start-up condition of generation.
Then the SCED is used to calculate node price based on the result of the SCUC. Instead of price
formulation through free trading, the nodal price can reflect the value of power in both space and time,
considering operational constraints of the power grid. Specifically, electricity retailers, such as the VPP,
are assumed to be price takers in China, which means their bids contain only the amount of electricity
without price. Furthermore, the virtual settlement node is set as their price node, and the price is
weighted by all the power nodes in the traded area.

(3) DA market + RT market

The electricity spot market contains the DA market and RT market with 24-h prices. Spot market
trade begins in the DA market, i.e., the participants should submit their bid before 13:00 pm a day ahead
and their bidding curves will be settled according to the clearing price of the DA market. In the RT
market, the node prices will be recalculated according to the latest power grid status and short-term load
forecasting data. The deviation between the actual consumption of the participants and the bidding
curves of the DA market is then settled with the RT market price.

(4) UORM

Since the power market is not mature in China and is in the early construction stage of the electricity
spot market, the price difference between the DA market and the RT market can be great without
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a virtual bidding mechanism. Therefore, the UORM is proposed to avoid over-bidding or under-bidding
for the DA and RT markets. The UORM contains two situations, and can be expressed as below:

Cre,l(t) = (ERT(t)−EDA(t))(PDA
buy(t)−PRT

buy(t)(1+ λ))P
DA
buy(t) > PRT

buy(t)(1+ λ)∩ERT(t) > EDA(t) (1)

Cre,m(t) = (EDA(t)−ERT(t))(PRT
buy(t)(1−λ)−PDA

buy(t))P
DA
buy(t) < PRT

buy(t)(1−λ)∩ERT(t) < EDA(t) (2)

whereλdenotes the allowable deviation ratio; EDA(t) and ERT(t) denote the DA market price and the RT
market price; Cre,l(t) and Cre,m(t) denote the cost caused by the less and more bidding quantity with
the allowable ratio at time t, respectively. Formula (1) can be elaborated as below: When the RT market
price is higher than the DA market price at hour t, the income caused by the bidding quantity which is
higher than the actual consumption by 1 + λ times shall be confiscated. Conversely, Formula (2)
elaborates that when the RT market price is lower than the DA market price at hour t, the income
caused by the bidding quantity which is lower than the actual consumption by 1 − λ times shall
be confiscated. In brief conclusion, the mechanism uses the method of income control to balance
the arbitrage of the participants in the spot market and regulate the market behavior. The framework
of this mechanism is shown in Figure 1.
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3. VPP Model Formulation

The VPP participants in this paper include load, wind plants (WP), PV (Photovoltaic) plants,
ESS and DR. As an electricity retailer, the VPP contracts and provides the DR service with its internal
load; as a spot market participant, the VPP needs to bid in the DA market and operates its DERs
to improve its economic income in the RT market. With DERs, the VPP will face a two-way flow.
When its internal power production is more than the power consumption, power flows from the VPP
to the power grid, which is settled with fixed prices. Conversely, when its internal power production is
lower than the power consumption, power flows from the power grid to the VPP, which is bought
and settled with spot market prices. The framework of VPP participating in the spot market is shown
in Figure 2.

The detail models considered for the VPP are given below:

(1) Load model

Load refers to the power load of the end-users managed by the VPP. It consists of load with no
elasticity and demand response. As an electricity retailer, the VPP supplies electricity to the load
and obtains profit, while the model is given below:

RDA,RT
load = PDA,RT

load (t)Eload
sell , (3)
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where RDA,RT
load and PDA,RT

load (t) denote the income and output of power load in the DA/RT market,

respectively; Eload
sell denotes the electricity price of the VPP contracts with the end-users; t denotes

the timeslot t in this paper.Energies 2016, 9, x FOR PEER REVIEW 5 of 18 

 

Power purchased 
from grid

Bidding 
curve

Revenue in DA market

Power sold 
to grid Fixed price

Total 
revenue

Actual 
operation 

curve

Revenue in RT market

Curve of 
power sold to 

grid

WP

PV

ESS

DR

RT market 

DA market 

DA 
price

 RT 
price

VPP

Power 
deviation UORMAllowable 

ratio
Cost of UORM

 
Figure 2. Framework of the virtual power plant (VPP) in the spot market. 

The detail models considered for the VPP are given below: 

(1) Load model 

Load refers to the power load of the end-users managed by the VPP. It consists of load with no 
elasticity and demand response. As an electricity retailer, the VPP supplies electricity to the load and 
obtains profit, while the model is given below: 

DA,RT DA,RT load
load load sell= ( )R P t E , (3) 

where DA,RT
loadR  and DA,RT

load ( )P t  denote the income and output of power load in the DA/RT market, 

respectively; load
sellE  denotes the electricity price of the VPP contracts with the end-users; t denotes 

the timeslot t in this paper. 

(2) Demand response model 

The demand response is modeled as part of the load in this paper and is given below: 

θ≤ ≤DA,RT DA,RT
dem load0 ( ) ( ) ( )P t t P t , (4) 

where θ( )t  and DA,RT
dem ( )P t  denote the max allowed load ratio of demand response, and the demand 

response scheduling amount in the DA/RT market, respectively. 
Demand response will cause load reduction and reduce electricity profit of the VPP. The profit 

of the DR is formulated as below: 

=
= +

24
opDA,RT load DA,RT

dem dem sell dem
1
( ) ( )

t
C C E P t , (5) 

where op
demC  and DA,RT

demC  denote the operating cost and profit of DR in DA/RT market, respectively. 

(3) Diesel generation model 

The constraint for the diesel generation output is given as below: 

≤ ≤DA,RT
die,min die die,max( )P P t P , (6) 

where die,minP  and die,maxP  denote the maximum and minimum allowed limits of diesel; DA,RT
die ( )P t  

denotes the output of diesel generation in the DA/RT market. 

Figure 2. Framework of the virtual power plant (VPP) in the spot market.

(2) Demand response model

The demand response is modeled as part of the load in this paper and is given below:

0 ≤ PDA,RT
dem (t) ≤ θ(t)PDA,RT

load (t), (4)

where θ(t) and PDA,RT
dem (t) denote the max allowed load ratio of demand response, and the demand

response scheduling amount in the DA/RT market, respectively.
Demand response will cause load reduction and reduce electricity profit of the VPP. The profit of

the DR is formulated as below:

CDA,RT
dem =

24∑
t=1

(Cop
dem + Eload

sell

)
PDA,RT

dem (t), (5)

where Cop
dem and CDA,RT

dem denote the operating cost and profit of DR in DA/RT market, respectively.

(3) Diesel generation model

The constraint for the diesel generation output is given as below:

Pdie,min ≤ PDA,RT
die (t) ≤ Pdie,max, (6)

where Pdie,min and Pdie,max denote the maximum and minimum allowed limits of diesel; PDA,RT
die (t)

denotes the output of diesel generation in the DA/RT market.
Diesel generation operating cost includes the operating cost and maintenance cost, and is given

as below:

CDA,RT
die = Cop

oil

24∑
t=1

PDA,RT
die (t)Q + Cop

pol

24∑
t=1

PDA,RT
die (t), (7)

where Q, Cop
oil, and Cop

pol denote the unit power diesel consumption, unit diesel consumption cost,
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and unit pollution cost, respectively; CDA,RT
die denotes the operating cost of diesel generation in

the DA/RT market.

(4) ESS model

The operation of the ESS includes limits for the state of charge, discharge, and charge output,
and can be modeled as below:

PDA,RT
st (t) = ηstPDA,RT

cha (t)δDA,RT
cha (t) −

PDA,RT
dis (t)

ηst
δDA,RT

dis (t), (8)

SOC
DA,RT
st (t) = SOC

DA,RT
st (t− 1) +

PDA,RT
st (t)

Sst
, (9)

where PDA,RT
cha (t) and PDA,RT

dis (t) denote the ESS charge and discharge output in the DA/RT market,

respectively; δDA,RT
cha (t) and δDA,RT

dis (t) are binary variables of the ESS representing charge and discharge

status, respectively; SOC
DA,RT
st (t) and PDA,RT

st (t) denote the state of charge and ESS output in the DA/RT

market, respectively. Parameter ηst and Sst are charge/discharge efficiency of the ESS and its
capacity, respectively.

The ESS constraints include charge and discharge limit, state of charge limit, the contradictory
limit for charging and discharging status, and they are given below:

0 ≤ PDA,RT
cha (t) ≤ Pst,max, (10)

0 ≤ PDA,RT
dis (t) ≤ Pst,max, (11)

0 ≤ SOC
DA,RT
st (t) ≤ SOCmax, (12)

0 ≤ δDA,RT
cha (t) + δDA,RT

dis (t) ≤ 1, (13)

where Pst,max denotes the ESS maximum charge/discharge output; SOCmax denotes the maximum state

of charge limit of the ESS.
The ESS operating cost is given as below:

CDA,RT
st =

24∑
t=1

Cop
st PDA,RT

st (t), (14)

where Cop
st denotes the ESS unit operating cost and CDA,RT

st denotes the operating cost in the DA/RT

market, respectively.

(5) VPP energy balance constraint

The VPP exchanges energy with the power grid. When electricity production is surplus, the VPP
sells power to the grid; conversely, the VPP purchases power from the grid. The model is given below:

PDA,RT
cha (t)δDA,RT

cha (t) + PDA,RT
load (t) − PDA,RT

dem (t) + PDA,RT
buy (t) = PDA,RT

pv (t) + PDA,RT
wind (t) + PDA,RT

die (t) + PDA,RT
dis (t)δDA,RT

dis (t) + PDA,RT
sell (t) (15)

where, PDA,RT
buy (t), PDA,RT

sell (t), PDA,RT
wind (t), and PDA,RT

pv (t) denote the power bought from the grid, the power

sold to the grid, the WP and PV output in the DA and RT market, respectively.
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(6) VPP backup constraint

The VPP needs a certain capacity in case of emergency to ensure the reliability of power supply.
The constraint is given as below:

Pdie,max − PDA,RT
die (t) + K(t)PDA,RT

load (t) − PDA,RT
dem (t) ≥ R(t), (16)

where R(t) and K(t) denote the requirement of backup and backup coefficients, respectively.

4. Two-Stage Scheduling CVaR Model

4.1. CVaR Theory

The CVaR is a popular tool of risk measurement [27,28]. Compared with the VaR (risk value),
it only considers the risk information under confidence level, while the risk information behind
the confidence level is ignored. The CVaR measures the average loss behind the confidence level,
and the inclusion of tail risks can better reflect the portfolio risks. The framework of the CVaR is
demonstrated in Figure 3.
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Denote the loss function as f (x, y), where x and y denote the probability density function of
the decision variable and the random variable, respectively. The probability density function of y is
defined as ρ(y), then the VaR value at confidence level β is given as below:

αβ(x) = min{α ∈ R;
∫

f (x,y)≤α

ρ(y)dy ≥ β}. (17)

The CVaR is defined as the conditional mean of the loss of the VaR over the same confidence level
β and is denoted as φβ(x). The calculation of the CVaR is given below:

φβ(x) = E[ f (x, y)
∣∣∣ f (x, y) ≥ αβ(x) ] =

1
1− β

∫
f (x,y)≥αβ(x) f (x, y)ρ(y)dy (18)

To ease the calculation for the solution, a relatively simple function is normally used to represent
the CVaR value as:

Fβ(x,α) = α+
1

1− β

∫
y∈R

[ f (x, y) − α]+ρ(y)dy, (19)

[ f (x, y) − α]+ = max[0, f (x, y) − α], (20)
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where α denotes the VaR value under confidence level β. Generally, the probability density function
ρ(y) is difficult to formulate, and the historical data of random variables can be utilized to estimate
the above equation with discretization. Then the equation can be changed as

F̃β(x,α) = α+
1

m(1− β)

m∑
k=1

[ f (x, yk) − α]
+

, (21)

where F̃β(x,α) denotes the estimated value of CVaR; and yk denotes the k set of sample data of y,
with m groups in total.

4.2. DA Dispatch Model

The VPP needs to decide its 24-h bidding curve in the DA market, and the proposed VPP
model combines the expected return and risk. The objective is to maximize the VPP economic
benefit, and the “risk income” is introduced to represent the goal of VPP dispatch. The risk income
equals the summation of the average income of the VPP under a scenario price and the CVaR
value, considering both risk and economic income. The objective function of risk income in the DA
market is given in (22); Formula (23) is the total income of the VPP in the DA market; Formula (24)
represents the total cost of the VPP in the DA market; and Formula (25) denotes the auxiliary equation.
These formulas are given as below:

max : gDA =
1
N

N∑
ω=1

(RDA(ω) −CDA(ω))+µDA(ζ−
1

N(1− β)

N∑
ω=1

zω), (22)

RDA(ω) = PDA
sell(t)E

grid
sell + RDA

load + (PDA
wind(t) + PDA

pv (t))γ, (23)

CDA(ω) = CDA
st + CDA

die + CDA
dem + EDA

buy(t)P
DA
ω (t), (24)

ζ− (RDA(ω) −CDA(ω)) ≤ zωzω ≥ 0, (25)

where gDA denotes the risk income function of the DA market, γ denotes the subsidy of renewable

energy; N, β and µDA denote the scenario number, confidence level, and risk preference coefficient in
the DA market, respectively; ζ and zω denote the auxiliary variables. In addition, the model is subject
to the constraints (1), (2), (4), (6), (8), (9)–(13), (15) and (16).

4.3. RT Dispatch Model

After DA market clearing, the income and bidding curve are determined. The RT market dispatch
is based on clearing results of the VPP in the DA market. The income of the VPP after clearing in
the DA market is given below:

RDA
clear =

24∑
t=1

(PDA
sell(t)E

grid
sell − PDA

buy(t)E
DA
clear(t)+PDA

load(t)P
load
sell ) −CDA

st −CDA
die −CDA

dem, (26)

where RDA
clear denotes the VPP income after clearing in DA market; EDA

clear(t) denotes the price in

the DA market.
The cost caused by the UORM is given in Formula (27), and Formula (28) is an auxiliary equation.

These two formulas are given below:

Cdev(ω) =
24∑

t=1

abs(EDA
ω (t) − ERT

ω (t))lω(t), (27)
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lω(t) ≥ sign(EDA(t) − ERT(t))(PRT
buy(t) − PDA

buy(t)) − λERT
buy(t)lω(t) ≥ 0, (28)

where Cdev(ω) denotes the cost caused by the UORM under scenario ω, abs(x) denotes the absolute
value function; sign(x) denotes the symbol judgment function, which equals 1 when x is greater than
zero and equals -1 when x is less than zero; and lω(t) is an auxiliary variable.

The objective is to maximize the VPP risk income in RT market and is given in (29); Formula (30)
denotes the total income of the VPP in the RT market; Formula (31) represents the total cost of the VPP
in the RT market; and Formula (32) is the auxiliary equation. These formulas are given below:

max : gRT =
1
N

N∑
ω=1

(RRT(ω) −CRT(ω) −Cdev(ω))+µ
RT(ε−

1
N(1− β)

N∑
ω=1

qω) −RDA
clear, (29)

RRT(ω) = PRT
sell(t)E

grid
sell + RRT

load + (PRT
wind(t) + PRT

pv (t))γ, (30)

CRT(ω) = CRT
st + CRT

die + CRT
dem + ERT

buy(t))P
RT
ω (t), (31)

ε− (RRT(ω) −CRT(ω) −Cdev(ω)) ≤ qωqω ≥ 0, (32)

where gRT and µRT denote the risk income function and risk preference coefficient in the RT market; ε
and qω are two auxiliary variables. In addition, the model is subject to the constraints (1), (2), (4), (6),
(8), (9)–(13), (15) and (16), (26)–(28).

4.4. Solving Mechanism

The two-stage dispatch model proposed includes DA scheduling and RT scheduling. In DA
scheduling stage, the VPP decides its bidding curve according to the DA market scenario and forecast
data of DA. After DA market clearing, the DA market price is released, so the income of the VPP in
the DA market is determined. In the RT scheduling stage, the VPP regulates its actual operation curve
according to the bidding curve and income of the DA market, the RT market scenario, and forecast
data of RT. Based on the above analyses, the solving framework of the optimization model is given in
Figure 4.
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5. Case Study

The simulation was set to study the scheduling problem of VPP in China spot market and includes
the scheduling behavior of VPP in DA and RT market; the impact of the risk preference coefficient;
the impacts of the allowable deviation ratio and ESS on the scheduling results of VPP. The simulation
cased were executed using CPLEX under MATLAB (MATLAB 2016b, Natick, Massachusetts, USA),
on an Intel Core i5-46300 computer with 8 GB of RAM 4.

5.1. VPP Parameters

A VPP consists of load, DR, a PV, a WP, and an ESS was considered. The scenario prices of
the DA and RT market adopted in the CVaR model are presented in Figure 5, and the number of
scenarios was 100 for the DA and RT market. The parameters of Esell, γ, Cop

dem, θ(t) and β were set
as 50 $/MWh, 15 $/MWh, 20 $/MWh, 0.2 and 0.95, respectively. The electricity price of the VPP was
set to be 45 $/MWh. Considering the condition of actual power system operation, it was assumed
the price fluctuation of the RT market tends to be more intense than the DA market. The parameters of
the ESS, diesel generation, forecasting outputs of wind/solar/load in the DA and RT markets are given
in Table 1 and Figure 6.
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Table 1. Parameters of the Diesel generation and energy storage system (ESS).

Diesel ESS

Pdie,max 1.50 MW Pst,max 1 MW
Pdie,min 0.2 MW Sst 2 MWh

Q 180 kg/(MWh) Cop
st 27.5 $/(MWh)

Cop
oil 1 $/kg SOCmax 0.6

Cop
pol 1 $/(MWh) ηst 0.95
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Figure 8. Operational status of the VPP.

The results show that the proposed two-stage dispatch mechanism can optimize the behaviors of
VPP internal resources and its overall output under DA/RT price signals. As demonstrated, in the RT
market, the output of ESS, Diesel, DR, and VPP were fluctuated more than the bidding curve in the DA
market. Meanwhile, the times of ESS charge and discharge have changed from two to three. Diesel
generation maintained its lowest output level in the DA market but increased its output from 1:00
to 7:00 in the RT market. The above output changes of the DERs in the DA and RT market were caused
by the fluctuation price of the RT market prices. The above outcome can be explained according
to Figure 9.
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In Figure 9, the average price of 100 scenarios price of RT Market is displayed. As can be seen,
the price differences at hour 1–10 and 18–24 were relatively high. With the varying prices, the DR
and diesel generation were motivated to change their outputs from the DA bidding curve, and ESS
was promoted to improve its charge/discharge times. Moreover, the price differences of the scenario
RT market price were higher than the DA market, which promoted the DERs of the VPP to adjust their
DA bidding curve in the RT market to improve its economic income. With the above response, the risk
income of VPP has increased from 11,233$ (DA market) to 12,262.4$ (RT market).

5.3. Impact of the Allowable Deviation Ratio

The allowable deviation ratio reflects the fluctuation range allowed between the DA market
bidding curve and the actual operation curve, i.e., it denotes the tolerance degree of the regulation
department to the arbitrage of the participants between the DA and RT markets. In this part, the impacts
of different allowable deviation ratios on the RT market scheduling and the cost caused by the proposed
mechanism are explored. For the simulations, µRT and µDA were set to be 1, and the results are listed
in Table 2.

Table 2. Risk income of DA market with different allowable deviation ratios.

Allowable Deviation Ratio Return Cost with the Allowable Ratio/$ Risk Income in DA Market/$

0.01 13.24 10,913.72
0.05 12.58 10,884.50
0.1 11.43 10,785.78
0.2 11.04 10,771.61
0.3 10.24 10,633.15
0.4 8.94 10,609.03
0.5 8.51 10,581.24

The outcome shows that the allowable deviation ratio has a negative impact on the risk income
of VPP dispatching, but the effect was small. It can be observed from Table 2, the cost only accounts
for 0.5% of total risk income. The reasons lie in:

1. The return cost with the allowable ratio was calculated via the price deviation between the DA
market and RT market multiplied by the energy deviation of the DA and RT market. The power
deviation was generally small. Meanwhile, the product of power deviation and the price difference
was also small, so the cost caused by the allowable deviation ratio was not high.
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2. The VPP had a variety of DERs, such as the ESS, which can accurately adjust their outputs to
cope with the error lead by the prediction values.

5.4. Impact of the Risk Preference Coefficient

The risk preference coefficient directly affects the scheduling outcome of VPP, which impacts its
economic income greatly. In the simulations, the parameter γ was set as 0.1. The risk income results
with different risk preference coefficients for the RT market and DA market are shown in Figures 10
and 11.
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5.4.1. Risk Income of the RT Market

The risk preference coefficients of DA and RT market ranged from 0.4 to 2. As shown in Figure 10,
with the same risk preference coefficient of the RT market, the change of the market risk factor had little
impact on the risk income of the RT market. The reason lies in that the cost caused by the allowable
deviation ratio was small, and different bidding curves brought by the different risk coefficients
of the DA market did not have much impact on VPP scheduling in the RT market. The above
phenomenon, therefore, coincides with the outcome and conclusion of Section 4.2. With same risk
preference coefficient of the DA market, the risk income of RT market was positively correlated with
the risk preference coefficient of the RT market, which demonstrates that the greater the risk tolerance,
the higher the risk income. It also reflects the most significant impact on the VPP revenue is its RT
market scheduling behavior. Therefore, the result can be concluded that the relationship of the VPP in
the DA and RT market is not strong and is nearly decoupled based on the CVaR.
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5.4.2. Income of the DA Market

The scheduling in RT market was performed after the DA market, which could not impact
the income of the DA market. Therefore, the risk preference coefficient of the DA market is an important
variable for the income of the DA market.

As shown in Figure 11, the risk income had a negative correlation with the risk preference,
and the income of the DA market was inversely correlated with the risk preference. The reason can be
found in Figure 12. The increase in the risk preference coefficient promoted the VPP to sell power to
the grid with less energy purchased from the market. This was because the average cost of electricity
produced by the VPP was more expensive than the energy sold to the grid under the 100 scenarios
for the DA market prices. However, when calculating the income of the DA market, the basis data
adopted was the DA market clearing price. Under this condition, the income of purchasing power
from the grid was lower than the cost of selling power to the grid, leading to a decrease in the income
in the DA market.
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5.5. Impact on the ESS

The ESS is an important resource for future power market due to its high flexibility. To study
the impact of the ESS on the scheduling of VPP in the spot market, different ESS capacities were
explored. The basic unit of the storage capacity was set as 1 MW/2 MWh, and 1–5 ESSs were selected
for simulation. The parameters λ, µDA and µRT were set as 0.1, 0.4, and 0.4, respectively. The outcome
is displayed in Figure 13.

In Figure 13, the label of Y-axis denotes the income increment; the label of X-axis denotes the unit
increment of the ESS. As demonstrated, ESS could effectively increase the risk income of the VPP, but its
growth was not proportional to ESS unit numbers. With the increased capacity of the ESS, the risk
income of VPP increased significantly, but the growth magnitude began to decline as it kept growing.
Although ESS could help improve VPP profit, it showed that the increment of VPP risk income will
gradually become saturated. Meanwhile, the outcome of increasing the RT market was more obvious
with the increase in the ESS than in the DA market. This was because the price difference in the RT
market scenario was relatively high, while ESS could respond to the price difference for arbitrage in
the RT market and increase the revenue of the VPP.
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6. Conclusions

According to the rules and regulations of the electricity spot market in China, a two-stage
scheduling model of VPP was developed. Meanwhile, the uncertainty of the DA and RT market prices
was also explored by utilizing the CVaR theory. The main conclusions are as follows.

• A two-stage dispatching model with optimized bidding and operating strategy in DA and RT
market for VPP was proposed. As demonstrated, the mechanism can optimize the behaviors of
VPP internal resources and its overall output under DA/RT price signals.

• The influence of UORM on the revenue of VPP was studied. As can be seen, the UORM did not
result in too much cost to the VPP. The reason lies in that the price difference between DA and RT
market at the same hour being small, and the VPP can change the output of its controlled DERs
to mitigate the deviation between the bidding curve of the DA market and the actual operation
curve in the RT market.

• The uncertainty of market price on VPP was investigated via the CVaR theory. As a result,
the VPP tended to sell more electricity to the grid with an increase in the risk preference coefficient.
Since the average cost of the electricity purchased from the grid was lower than the selling price
to the grid under the DA market clearing price, the income of the DA market decreased with
the increase in the risk preference coefficient.

• For a full evaluation, the participation of ESS was detailly analyzed. The outcome showed that ESS
can effectively improve the risk income of VPP, but its growth was not proportional to the ESS unit
numbers. With the increased capacity in the ESS, the risk income of VPP increased significantly
but began to saturate as it kept growing. The outcome also demonstrated that the ESS has limited
effect on improving the VPP profit.

Future works can be focused on incorporating more power components, such as EV,
air conditioner, etc., into the VPP modeling. The internal mechanism of the VPP, including inner pricing
policy, power exchange between multi-users, and so on, can be further explored. In addition, it is also
meaningful to study VPP involvements with other market scenarios, such as ancillary and capacity markets.
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the original draft. H.G. and Q.X. conducted the investigation. R.Z. was responsible for research activity planning,
paper review, and editing. B.Z. and P.Y. gave the suggestions on the proposed idea and simulation case. R.G.
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