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Abstract: Diversified application scenarios and business models are effective ways to
improve the utilization and economic benefits of energy storage systems. In response
to the current problems of single application scenarios, high idle rates, and imperfect
price formation mechanisms faced by energy storage on the power generation side, a
robust two-stage optimization operation strategy for shared energy storage is proposed,
taking into account leasing demand and multiple uncertainties, from the perspective of
the sharing concept. A multi-scenario application framework for shared energy storage is
established to provide leasing services for wind farm clusters, as well as auxiliary services
for participating in the electric energy markets and frequency regulation markets, and the
participation sequence is streamlined. Based on the operating and opportunity costs of
shared energy storage, a pricing mechanism for leasing services is designed to explore the
driving forces of wind farm clusters participating in leasing services from the perspective
of cost assessment. Considering the uncertainty of wind power output and market electric
prices, as well as the market operational characteristics, an optimized operation model for
shared energy storage in the day-ahead and real-time stages is constructed. In the day-
ahead stage, a Stackelberg game model is introduced to depict the energy sharing between
wind farm clusters and shared energy storage, forming leasing prices, leasing capacities,
and energy storage pre-scheduling plans at different time periods. In the real-time stage,
the real-time prediction results of wind power output and electric prices are integrated with
scheduling decisions, and an improved robust optimization model is used to dynamically
regulate the pre-scheduling plan for leasing capacity and shared energy storage. Based on
actual data from the electricity market in Guangdong Province, effectiveness verification
is conducted, and the results showed that diversified application scenarios improve the
utilization rate of shared energy storage in the power generation side by 52.87%, increasing
economic benefits by CNY 188,700. The proposed optimized operation strategy has high
engineering application value.

Keywords: wind farm clusters; shared energy storage; two-stage optimization strategy;
market-oriented lease; leasing demand; Stackelberg game

1. Introduction

Building a new power system with a high proportion of new energy is an effective way
for the power industry to accelerate energy transformation and achieve the dual carbon
goals. With the continuous increase in the penetration rate of new energy, while bringing
green and low-carbon energy supply to the power system, the stability and safety of the
system are facing severe challenges [1-3].
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With transfer characteristics of the flexible energy, energy storage has broken through
the various limitations of power transmission, effectively tracking the dispatch needs of
the power grid, and playing a diverse role in smoothing new energy fluctuations and
responding to the regulation needs of the power grid [4]. However, the high construction
costs and relatively single application scenarios severely constrain the large-scale layout of
energy storage systems [5]. As the largest integration scenario for new energy connecting
to the grid, the power generation side requires high-capacity and high-frequency energy
storage, which puts higher demands on the business model of energy storage. In this
context, the business model of energy storage based on the concept of sharing has attracted
the attention of scholars. For example, some experts have analyzed the feasibility of the
sharing model from the perspectives of the concept, advantages, business model, and
application scenarios of shared energy storage [6—9]. In 2023, the scale of China’s shared
energy storage grid connection further expanded, with an increase of 12.41 GW/24.42 GWh,
accounting for 54.91% of the newly put into operation new energy storage projects in 2023
(calculated by power scale). According to Wood Mackenzie data, the installed capacity of
energy storage in the United States in 2023 was 8.74 GW /25.98 GWHh, of which the installed
capacity of new energy distribution and independent storage reached 7.91 GW /24 GWh,
accounting for over 90% of the total installed capacity.

With the large-scale development of shared energy storage, the application scenarios
of shared energy storage have gradually developed from single to diversified, which pro-
vides the basis for the multi-scenario operation of shared energy storage at the generation
side, which takes into account the consumption of new energy and the provision of grid
regulation services. However, the interaction between shared energy storage and wind
power cluster is full of challenges. On the one hand, how to determine the lease price of
shared energy storage and wind power cluster is related to whether the lease is reached.
On the other hand, the high uncertainty of wind power cluster output will lead to dynamic
changes in lease demand, and the optimal scheduling of shared energy storage in multiple
application scenarios will also be full of uncertainty.

A sound pricing mechanism for leasing services of shared energy storage is conducive
to promoting the consumption of new energy and mutual revenue between the two sides.
Reference [10] uses bilateral negotiation to determine the leasing price of shared energy
storage, and selects the leasing price based on the opportunity cost of shared energy storage.
The formation process of the leasing price is relatively simple and it is difficult to reflect the
supply and demand relationship between the leasing parties. References [11-13] consider
the profit-seeking nature of leasing on both sides and introduce a Stackelberg game model
to characterize the interactive game process of leasing on both sides, resulting in more
reasonable leasing prices for shared energy storage. Reference [14] uses auction mechanism
to characterize the transaction demands of both parties in leasing, and then determines the
leasing price of shared energy storage. However, the above research focuses more on the
process of price formation and neglects the motivation analysis of both sides of leasing,
resulting in a lack of effective quantification of the leasing price range, and the accuracy of
the leasing prices formed for shared energy storage capacity in various time periods needs
to be discussed. In addition, the time-varying nature of leasing demand for new energy
stations is difficult to reflect too much on leading prices, and the rationality of leading
prices needs to be improved.

The effective quantification of uncertain factors is conducive to improving the effec-
tiveness and feasibility of the operation strategy of shared energy storage. The robust
optimization model is a commonly used method for dealing with the output uncertainty
of wind and solar power at present. References [15-17] take into account the output un-
certainty of the short time scale in the output modeling of wind power and photovoltaic
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power, and describe the output process through the box-type robust optimization model
to achieve the optimal operation of shared energy storage under the worst scenarios.
However, the box-type robust optimization model is mainly controlled through robust
factors, resulting in the formed optimization results being overly conservative and lacking
objectivity, and the economy is somewhat reduced. To reduce the conservatism degree
of the robust optimization model, reference [18] introduces polyhedrons to construct the
uncertainty set of wind power output of the robust optimization model, and dynamically
adjusts the conservatism degree through the constraint of the uncertainty set. On this basis,
reference [19] connects the wind and solar prediction results in the microgrid with the
constraints of the uncertainty set, and represents the degree of conservatism through the in-
terval probability uncertainty set, thereby effectively taking into account both the economy
and robustness of the microgrid dispatching operation. The above-mentioned research
explores the application of robust optimization models in the modeling of uncertainties of
multiple types of elements, providing a reference for the quantification of uncertainties of
different factors in diverse application scenarios of shared energy storage. However, the
operational requirements for shared energy storage in different application scenarios vary.
When depicting the uncertainties of elements such as wind and solar output, differentiated
adjustments need to be made based on the actual application scenarios.

In summary, under the background of decentralized layout of shared energy storage
at the generation side, in order to deal with the key issues such as the high uncertainty of
wind power cluster output and the rationality of the formation of shared energy storage
lease price, and further promote the optimization of the shared energy storage business
model, this paper proposes a two-stage optimal operation strategy of shared energy stor-
age considering the rental demand of wind farms and multiple uncertainties. The main
contributions of this paper are as follows:

(1) The participation sequence of shared energy storage in multiple application scenarios
is clarified, and the driving force for wind farm clusters to participate in leasing
services is analyzed from the perspective of assessment costs. Based on considering
opportunity costs, a comprehensive pricing mechanism for leasing services of shared
energy storage is formed, effectively guiding wind farm clusters to lease shared energy
storage on demand.

(2) Fully considering the autonomy and profitability of wind farm clusters and shared
energy storage, a Stackelberg game model is introduced to characterize the energy
sharing and interactive game between the two, and the time-varying leasing demand
of wind farm clusters is transformed into a relaxation factor to optimize the leasing
price mechanism of shared energy storage.

(38) A two-stage optimized operational model for day-ahead and real-time markets of
shared energy storage is constructed, taking into account the operational character-
istics of electric energy market and wind power output forecasting. Considering
the multiple uncertainties of wind power output and market electric prices, confi-
dence methods and improved robust optimization models are proposed in stages to
reconstruct the optimization operation model of shared energy storage, effectively im-
proving the accuracy of optimization scheduling decisions for shared energy storage.

2. Operating Framework for Shared Energy Storage in Diverse
Application Scenarios

2.1. Multi-Type Business Model of Energy Storage

At present, there are two mainstream forms of energy storage configuration for new
energy on the power generation side. One is that new energy stations invest in and build
their own energy storage facilities, which are only used internally by the new energy
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stations and are not associated with other new energy stations or users. They meet rel-
evant policy requirements through self-built energy storage. The second type involves
multiple new energy stations or third-party investors participating in the construction
of power side energy storage, with diversified investment characteristics. New energy
stations obtain shared energy storage capacity through leasing or bundling to meet relevant
policy requirements.

The “self-built energy storage” mode is mainly controlled by individual new energy
stations owned by energy storage owners. In the event of wind and solar power curtailment,
energy storage is used for charging operations, and during peak electricity consumption
periods, it is used for discharging operations. The amount of new energy abandoned
is transferred to the peak period for sale to generate revenue, effectively promoting the
consumption of new energy, reducing the rate of wind and solar power curtailment, and
forming a typical “one charge one discharge” method for self-built energy storage on
the power side. However, the “one charge, one discharge” method only allows energy
storage to be charged and discharged during certain periods, while the rest of the time is
idle, resulting in low utilization of self-built energy storage in new energy stations, slow
cost recovery, and even losses, which damages the interests of new energy stations. The
“shared energy storage” model of power side energy storage is the construction of relatively
large-scale energy storage power stations through joint ventures of new energy stations
or the introduction of third-party investment, with diversified investment characteristics.
Compared to the 1-to-1 application scenario of self-built energy storage in new energy
stations, “shared energy storage” transforms the application scenario into 1-to-N. “Shared
energy storage” can serve multiple new energy stations, and new energy stations obtain
partial capacity of “shared energy storage” through bilateral negotiations or leasing to
meet relevant policy requirements. In the “shared energy storage” model, adopting a
lease to build an approach for new energy stations is beneficial in reducing the cost of
configuring energy storage for individual new energy stations and minimizing the waste
of social resources.

Through the shared energy storage model, the utilization rate of energy storage
facilities is improved, diversified value is provided, flexible adaptation to the electricity
market environment is achieved, and the optimization of centralized and decentralized
energy storage resources is also realized.

2.2. Shared Energy Storage Operation Architecture in Multiple Scenarios

To further enhance the utilization rate and economic revenue of shared energy storage
in the power generation side, a diversified application scenario for cluster leasing of wind
farms and participation in market transactions of electric energy and frequency regulation
is constructed, as shown in Figure 1. In multiple application scenarios, the following
entities are included: wind farm operator (EM), frequency regulation market (FRM), wind
farm cluster operator (WFCO), and shared energy storage operator (SESO). The operational
behaviors and interactive relationships of different entities will be introduced separately.

EM: The electric energy market is a place responsible for organizing various types
of power sources to conduct electricity trading on multiple time scales. This paper only
involves the spot market. Under this market mechanism, it is encouraged for new energy
stations to participate in full electricity consumption and allows energy storage that meets
market entry barriers to participate (mostly through price arbitrage models).

FRM: The frequency regulation market is a trading venue responsible for organizing
various types of frequency regulation resources to participate in frequency regulation
declaration, bidding, and clearing. Under this market mechanism, new energy and energy
storage are encouraged to participate in the frequency regulation market, enriching the
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types of frequency regulation resources while enhancing the system’s frequency regula-
tion capability.
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Figure 1. Scenario framework for diverse applications of shared energy storage.

WECO: Wind farm cluster operators are responsible for organizing different wind
farms with the same internet access point to form clusters through cooperative game
theory, utilizing the complementary spatiotemporal characteristics of each wind farm to
reduce the assessment costs faced during operation, with the goal of maximizing economic
revenue during the operation cycle. At the same time, energy sharing is achieved through
leasing service models and shared energy storage, converting assessment fees into capacity
lease fees for shared energy storage to improve operational efficiency. In addition, selling
abandoned wind power at low prices to shared energy storage operators can promote their
own consumption while enhancing economic revenue.

SESQO: Shared energy storage operators are responsible for optimizing and scheduling
the operation of shared energy storage, with the goal of maximizing economic revenue. On
the one hand, shared energy storage operators can provide balanced services to wind farm
clusters through leasing models to obtain capacity lease revenue. On the other hand, shared
energy storage operators can invest their capacity in the electric energy and frequency
regulation market for trading, providing regulation services for the power grid while
obtaining market-oriented revenue. The maximum absorption of abandoned wind power
is also an effective way to reduce charging costs through shared energy storage.

3. SESO Two-Stage Optimization Operation Strategy Considering
Leasing Demand and Multiple Uncertainties

According to the participation timing setting of SESO in multiple application scenarios,
the optimization operation strategy of SESO should prioritize providing leasing services
and invest the remaining capacity into the electric energy and frequency regulation market
for economic dispatch. The pricing mechanism of leasing services is equally crucial for the
development of SESO’s operational strategy, which will affect the capacity lease decisions
of wind farm clusters.
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3.1. Price Formation Mechanism for Leasing Services of Shared Energy Storage

Different pricing models reflect the differences in demand for shared energy storage
among leasing users, and a single pricing model is difficult to effectively reflect the diverse
value of SESO. Considering that the potential revenue of SESO include charging and
discharging revenue and opportunity costs, the fairness and economy of WFCO and SESO
needs to be effectively balanced in the capacity lease process.

This paper draws on the two-part pricing model of mileage price and capacity price in
the FM auxiliary service market, and expresses the price formation mechanism of the SESO
leasing model as mileage price and capacity price, which can be expressed as follows:

rmail

'Y,t = ’Y:up + vy 1)

where 7, is the total leasing price of SESO during time period t; 'yfap is the capacity lease

price of SESO during time period ¢; 'y"tmll is the mileage leasing price of SESO during time
period t.

3.2. Two-Stage Operation Strategy for Shared Energy Storage Considering Multiple Uncertainties

Considering the operational characteristics of the electric energy market and the
time scale of output forecasting in wind farms, the SESO optimization operation strategy
is divided into two stages: day-ahead market and real-time market, in order to reduce
the impact of wind output power forecasting deviation on actual scheduling decisions.
Simultaneously incorporating the uncertainty of wind output power and market electric
prices into the considerations of both day-ahead and real-time markets can further enhance
the effectiveness of SESO’s operational strategy.

3.2.1. Economic Operation Strategy of Shared Energy Storage in Day-Ahead Stage Based
on Stackelberg Game Theory

In the day-ahead stage, taking into account the profit seeking and autonomous nature
of WFCO and SESO, a Stackelberg game model is introduced to characterize the energy
sharing and complementary game between WFCO and SESQO, forming leasing prices and
leasing capacities at different time periods.

Considering the uncertainty of wind power output on the WFCO leasing capacity in
the day-ahead market, which in turn affects SESO leasing prices and operational strategies
in the day-ahead market, WFCO focuses more on the SESO capacity required to stabilize
fluctuations in the predicted wind power output in the day-ahead market when calculating
leasing capacity in each time period [20,21]. Ignoring the impact of prediction error and
assessment costs in the interactive game process often leads to significant deviations
between the leasing prices formed in the day-ahead market and real-time prices in each
time period. To avoid the distortion of leading demand at different time periods and the
significant regulation of WFCO leasing capacity in the real-time market caused by the
prediction error of wind power output, this paper uses the normal distribution method
to quantify the probability distribution of the deviation degree of wind power output
prediction in the day-ahead stage, and achieves accurate calculation of WFCO leading
demand by using the confidence method [22-24].

(1) Leader: SESO

According to the day-ahead electric energy frequency modulation market electricity
price forecast results and the WFCO leasing capacity expectation, the leasing strategy is
formulated with the maximization of the economic benefits of the capacity leasing scenario
within the day-ahead scheduling cycle of SESO as the objective function, and the leasing
price of each period is formed and distributed to WECO.
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The objective function of SESO in the application scenario of leasing services can be
expressed as follows:

4L dan
nlaXISESO = Isgso = Clpss (2)
L e d il 7qd
1AL = Z%(% "L + Ay 3)
t=
a1 2 i1 A]1,d
,1,C L,
Closs 21 A (Pt + Pt ) (4)
=

where Ig}:}so represents the total operating revenue of SESO in the capacity lease scenario
in the day-ahead stage; HY is the total charging and discharging mileage of WFCO in
the day-ahead stage during time period f; A is the loss cost of SESO unit charging and
discharging power; P‘f’l’c and P’Z A4 are the charging power and discharging power of SESO
for the capacity lease scenario during time period ¢ in the day-ahead stage.

The optimization model includes SESO charging and discharging power constraints:

0 < phle < pe (5)
0 < Pi1d < p (6)
(Pdlcﬂc I)dld/ﬁd)
SOC; = SOC;_1 + At (7)
Eggs
SOC™N < SOC; < SOC™max (8)
SOC? = SOC*® 9)

where P° and P? are the rated charging power and rated discharging power of SESO,
respectively.5OC; and SOC;_; are the state of charge values of SESO during time periods
tand t — 1, respectively; 7. and 7, are the charging and discharging efficiencies of SESO,
respectively; Egrg is the rated capacity of SESO; At is the time interval, taken as 1 h in this
paper; SOC™" and SOC™2X are the maximum and minimum SOC values pre-set by SESO,
respectively; SOC? and SOC* are the initial SOC value of SESO and the SOC value at the
end of one operating cycle (24 h), respectively.

(2) Followers WECO

Utilizing the complementary characteristics of different wind farms within the cluster
in time and space, SESO leasing demand is reduced using cooperative game theory. Based
on the forecast results of wind power output in the day-ahead stage, the prediction errors of
the normal distribution method and confidence method are used to quantitatively calculate
the leasing demand in each time period. Using the initial leasing prices issued by SESO for
each time period, a leasing strategy is formulated with the objective function of minimizing
the assessment cost within the scheduling period in the day-ahead stage, forming the
leasing capacity for each time period and reporting it to SESO.

The objective function of WECO leasing SESO capacity may be expressed as follows:

s ~d _ ~db dy d,L
minCy, = Ciy + Cyi’ + Corsp (10)
24

cib — 2 i, Z (xxRY,) (1)

=1

dy—cht_Z( R;/t) (12)
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where C{',lv represents the total cost of WFCO in the day-ahead stage under capacity lease
scenarios; Cf,l(,b is the assessment cost incurred by WFCO during grid connection in the
day-ahead stage due to fluctuations in power generation; Cz\’,y is the assessment cost formed
by the prediction error of WFCO’s power generation in the day-ahead stage; « and j are
the unit assessment costs incurred by WFCO during grid connection due to fluctuations
in power generation and the unit assessment costs incurred due to forecast deviations
in power generation, respectively; Ri’f,t and R;It are, respectively, the assessment capacity
formed by the fluctuation of power generation during grid connection after WFCO leases
SESO capacity in the day-ahead stage, and the assessment capacity formed by the prediction
error of power generation.
The optimization problem includes the following constraints:

0 < Pj; < Py, (14)
0 < Pt < Py (15)
0 < Py? < max(Pyf - Pf,0) (16)

where PuL,’t is the maximum grid-connected power of WFCO during time period f; sz}, ; is
the online power of WFCO during time period ¢. Pfurm/t is the predicted power of WFCO'’s
mth wind farm during time period t in the day-ahead market, 1 < m < M; PE , is the

w,m,
40 . . .
w? is the maximum wind

rated power of WFCQO'’s mth wind farm during time period t. P
power curtailment of WFCO during time period ¢ in the day-ahead market; PZ]I; is the

predicted power of WFCO in the day-ahead market during time period .

3.2.2. Real-Time Rolling Optimization Strategy for Collaborative Operation of Shared
Energy Storage Based on Improved Robust Optimization

In the real-time stage, dynamic regulations are made to WFCO leasing capacity, SESO
leasing prices, and charging and discharging plans using real-time predicted values of
wind power output, electric energy market prices and frequency regulation market prices.

Considering the impact of prediction errors in real-time output of wind power on SESO
real-time scheduling decisions, and the subjective and conservative parameter selection of
the robustness evaluation index for the box-type robust optimization model, it is easy to
reduce the economic efficiency of SESO operation strategies. To this end, the key probability
indicators (mean and variance) of the real-time output prediction results of wind power are
used to construct the uncertainty set of the robust optimization model, and the prediction
results are incorporated into the real-time scheduling decision-making process, in order
to enhance objectivity and reduce the conservatism of traditional robust optimization
models [19], and effectively ensure the robustness of the SESO operation strategy. Using
improved robust optimization models to describe the degree of deviation in the real-time
output prediction results of wind power is beneficial for enhancing the effectiveness of
SESO optimization scheduling decisions.

@ Rolling regulation of WFCO leasing capacity: By utilizing the real-time prediction
results of wind power, the leasing prices of various time periods transmitted by the market,
and the uncertainty set constraints in the improved robust optimization model, WFCO
formulates leasing strategies with the objective function of maximizing economic revenue
within the real-time scheduling period. It can dynamically adjust the leasing capacity of
each time period and upload it to SESO.
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@ SESO Real-time Rolling Optimization Strategy: Utilizing leasing capacity adjusted
by WFCO at different time periods, the predicted values of real-time electric prices in the
electric energy and frequency regulation markets, and the constraints of the uncertainty
set in the improved robust optimization model, SESO formulates a real-time rolling opti-
mization strategy with the objective function of maximizing economic revenue within the
real-time scheduling period.

In the improved robust optimization model, the correlation analysis between the
predicted output of wind power and the real-time scheduling decision of SESO can effec-
tively reduce the conservatism of the existing box-type robust optimization model and
improve the operational economy and robustness of SESO. In addition, considering that
the probability distribution of prediction errors between wind power output and market
electric prices is close to a normal distribution, this paper adopts the normal distribution
method to describe the error distribution between wind power output and market electric
prices in the real-time stage.

The uncertainty set in the improved robust optimization model may be represented
by the following equation:

—s,F —s,F
5,F T JF _ =s,F T
o ~Za/2 fy <Py <Py T Za/27;
_ % _ @
Pim — Za2 2 < Piag < P + 22 T 17)

”S Ef:RJ\/I S 7S ?;KM
PERM ~ Za/2= 5 < PERM < PrrM T Za/27 /3

where P, PEms and prry, are the predicted values of wind power output, clearing prices
in the electric energy market, and clearing prices in the frequency regulation market during
real-time stage, respectively; 75/, 7%,,, and P, are the average predicted results of wind
power output, clearing prices in the electric energy market, and clearing prices in the
2
frequency regulation market during real-time stage, respectively; <¢7qu ) , (0 M)z, and
CC (g M)z are the variances of the predicted results for wind power output, clearing
prices in the electric energy market, and clearing prices in the frequency regulation market
during the real-time stage, respectively; z, /, is the upper and lower quantile point of the
standard normal distribution, « is the confidence level, and the conservative degree of the
robust optimization model may be controlled by adjusting the values 0 < & < 1; n is the
sample size.

4. Two-Stage Optimization Model for Market-Oriented Leasing of
Shared Energy Storage
4.1. SESO Optimization Scheduling Model in Day-Ahead Stage
4.1.1. A Pricing Model for SESO Leasing Services Based on Stackelberg Game Theory

In the day-ahead stage, a Stackelberg game optimization model may be used to map
the pricing process of leasing services of shared energy storage. The Stackelberg game
optimization model can be expressed as follows:

G= {N; Sses0; Swrcos Lensos Cg\/} (18)

The Stackelberg game optimization model consists of three main elements:

(1) Participants: The participants in the Stackelberg game are WFCO and SESO, with a
set of N = {SESO U WFCO}.
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(2) Strategy: The strategy of SESO is used to determine the leasing price 3; =

(,qup , 'yf“‘”) and the interactive power LY = (P‘Zl’l’c,P‘f’l’d) of WECO. The policy
set of SESO may be represented by the following equation:

Sseso = (W?Zp,’rtm “il,Pf’l’C,Pf’l’d,Vt> (19)

The strategy of WFCO is used to determine the leasing capacity AA, the assessment
cost BB caused by the prediction error of power generation in the day-ahead stage, and the
assessment cost CC caused by the prediction error in the day-ahead stage. The strategy set
of the subject WFCO can be represented by the following equation:

d,
Swrco = (R, Ciit, Cy ¥t (20)

(3) Revenue: The revenues of SESO and WFCO are calculated using Equations (2) and
(10), respectively.

4.1.2. SESO Optimization Scheduling Model Considering Leasing Demand in
Day-Ahead Stage

In the day-ahead stage, when SESO uses a Stackelberg game to determine leasing
capacity, considering SOC capacity limitations, the remaining capacity is invested in the
electric energy market and frequency regulation market for trading. The SESO market
optimization scheduling model considering leasing demand aims to maximize the economic
revenue of SESO in multiple application scenarios, with the decision variable being the
charging and discharging power at each time period.

The objective function includes

1 2
maxIdeso = Iigso + Iigso (21)
42 dEM , ;A FRM  ~d2 )
Isgso = Iskso T Iseso — Clgss — Cao (22)
LEM e 4 4 EM
Istso = ) Pems X Py (23)
=1
AFRM e 4 FRM
50" = ) Prras X Py (24)
=1
i e 2 12,4
Ci2 = L AP+ P>) (25)
=1
0_ S 0d . pad
Co =) Pay * Py (26)
=1

where IgE so represents the total operating revenue of SESO in multiple application scenar-
ios during the day-ahead stage; Ig};gso represents the total operating revenue of SESO in
the market trading application scenario during the day-ahead stage; Igfsj\é represents the
revenue obtained by SESO from the electric energy market in the day-ahead stage; Igf SROM
is the revenue obtained by SESO from the frequency regulation market in the day-ahead
stage; Cfo’?s represents the operational cost loss of SESO in the market trading application
scenario during the day-ahead stage; CS is the cost of wind power curtailment charging
for SESO in the day-ahead stage; p M, and Pie m,¢ are the predicted clearing prices for the
electric energy market and frequency regulation market during time period ¢, respectively;
P‘Z’EM and Pf’F RM are the pre-scheduled power of SESO in the electric energy market and

frequency regulation market during time period ¢, respectively; P’Z 2% and Pf’Z’d are the
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charging power and discharging power of SESO in the market trading scenario during time
period CT in the day-ahead stage; pLQU,’fl is the wind power charging price for SESO during
time period f in the day-ahead stage; PZQU:f is the abandoned wind power charging for SESO
during time period t in the day-ahead stage.

The constraints include

Pt Pl 4 pYl — piid  pi2d - pic pia (27)
HY :JP‘;":CJ e
PP =0
piley (pidd pid) — o (28)

PIZ,Z,CJ_ Plti,l,d, 1)?,2,[1 — O
ng,d n (Pzti,l,d’ P;i,z,d) —0

where P‘f’c and P’f’d are the total charging power and discharging power of SESO during
time period f, respectively L is an operator that means at least one of the left and right
parameters will be 0.

4.2. SESO Real-Time Rolling Optimization Scheduling Model

In the real-time stage, SESO utilizes the corrected values of WFCQO's leasing capacity
at various time periods, real-time predicted values of market electric prices, abandoned
wind power, etc., to construct a SESO real-time rolling optimization model, with the goal of
maximizing economic revenue.

The total operating revenue of SESO in the real-time stage is the algebraic sum of
SESO’s revenue in the leasing service application scenario in the real-time stage, SESO’s
revenue in the electric energy market in the day-ahead stage, SESO’s revenue in the
frequency regulation market in the day-ahead stage, SESO’s revenue in the electric energy
market in the day-ahead stage, minus SESO’s operating cost loss in the real-time stage,
and SESO’s wind power charging cost in the real-time stage. The goal of SESO real-time
rolling optimization considering market electric price uncertainty is to minimize the total
operating revenue of SESO in the real-time stage:

maxI§pso = Lgso + I5ga0 + 1550 — Closs — Ci° (29)
where [3; ¢ is the total operating revenue of SESO in the real-time stage; I;’ELSO represents
SESO’s revenue in the leasing service application scenario during the real-time stage; I s,
represents SESO’s revenue in the day-ahead stage of the electric energy market; I;g%w
represents SESO’s revenue in the frequency regulation market during the day-ahead period;
CZSOSS
cost of wind power curtailment charging for SESO in the real-time stage.

represents the operational cost loss of SESO in the real-time stage; cQs represents the

The various elements of the total operating revenue of SESO in the real-time stage may
be calculated using the calculation method in the day-ahead stage, and only the predicted
results of wind power output, clearing prices in the electric energy market, and clearing
prices in the frequency regulation market in the day-ahead stage need to be rolled forward
and corrected to the predicted results in the real-time stage.

Similarly, the constraints of SESO in the real-time stage may be adjusted using
Equations (5) to (9) and (27) to (28), simply by rolling forward the predicted results of
wind power output, clearing prices in the electric energy market, and clearing prices in
the frequency regulation market in the day-ahead stage to the predicted results in the
real-time stage.
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The objective function of the first stage is to maximize the leasing income of SESO in
the real-time stage considering the loss of SESO operating costs and the cost of abandoned
wind charging. The objective function of the second stage is to maximize the SESO market
income in the worst-case scenario during the real-time stage, including electric energy
market income and frequency regulation market income. Considering the uncertainty of
the predicted output of wind power in the real-time stage [25,26], as well as the predicted
clearing prices of electric energy market and frequency regulation market, an improved
robust optimization model may be used to update Equation (30):

maxIgeso = maX(IE'ELso = Closs — Cz%s> + m,?xggg(lgg\é + 0! ) (30)
where « is the worst-case scenario for market electric prices; ¢ is the charging and discharg-
ing power of SESO in the worst-case scenario.

4.3. Solving Method

In the day-ahead stage, due to the large number of nonlinear constraints in the pricing
model of SESO leasing services based on Stackelberg games, and the interactive game
between master—slave sides, this paper introduces the cuckoo optimization algorithm to
solve the Stackelberg game optimization model. With the main SESO leasing in the previous
stage as the core, the fitness function of the cuckoo optimization algorithm is constructed,
and the CPLEX commercial solver is embedded into the cuckoo optimization algorithm
to obtain the leasing price and capacity in each time period of the day-ahead stage. The
SESO optimization scheduling model considering leasing demand is generally a mixed
degradation integer linear programming problem, which may be directly solved using
the CPLEX commercial solver. Due to the widespread application of the current cuckoo
optimization algorithm in solving Stackelberg game models, the specific solving process
will not be repeated.

In the real-time stage, due to the fact that both WFCO rolling optimization model and
SESO rolling optimization model are two-stage optimization problems, heuristic optimiza-
tion algorithms such as the cuckoo optimization algorithm are difficult to effectively solve.
The column and constraint algorithm (C&CG) is a commonly used and effective solution
method for solving two-stage optimization problems. The basic solving principle is to split
the original model into main and sub-problems and perform interactive iterative solving.
The C&CG method has the advantages of fast solving speed and strong convergence.
This paper uses column and constraint algorithms and CPLEX solvers to jointly solve a
two-stage optimization model. Considering the mature application of existing column and
constraint algorithms, the specific solving process will not be repeated.

5. Validating Cases
5.1. Data Sources and Parameter Settings

In the simulation example, three wind farms and one shared energy storage are set up.
Wind farms and shared energy storage engage in interactive games and energy sharing
using cooperative gaming. The electric price data for the electric energy market and
frequency regulation market come from historical data of a regional node in Guangdong
Province. The output of the wind farm is predicted based on historical output data and
relevant influencing factors. The output forecast power curves of each wind farm in day-
ahead and real-time stages, the output forecast power curves of wind farm clusters, the
forecast curves of clearing prices in the electric energy market and real-time clearing prices
in the frequency regulation market, as well as the maximum capacity power curves of wind
farm clusters at grid-connected nodes, are shown in Figures A1-A5 in Appendix A.
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(1) Parameter settings for wind farm clusters

The installed capacities of wind farms 1-3 are 80 MW, 85 MW, and 100 MW, respectively.
The unit assessment cost caused by grid connected power fluctuations is 0.3654 CNY /kWh,
and the unit assessment cost caused by prediction power deviation is 0.1250 CNY/kWh [19].

(2) Data setting for market electric prices

The charging price of shared energy storage during the wind farm cluster abandon-
ment period is 50% of the clearing price in the spot market during that period, and the
charging price of shared energy storage in idle state is 80% of the clearing price in the
spot market during that period. In the frequency regulation market, market transaction
settlement is based on a two-part electric price system. The frequency regulation mileage
electric price is determined by market clearing, and the capacity electric price for frequency
regulation is set at 3.56 CNY/MW according to the current rules of the frequency regulation
market in Guangdong Province.

(8) Parameter settings for shared energy storage

Considering that the proportion of energy storage scale in the electric energy market
and frequency regulation market is not sufficient to change the existing market clearing
price, this paper uses shared energy storage as a price taker to participate in grid power sup-
ply and auxiliary services. The parameter settings for shared energy storage participating
in multiple application scenarios are shown in Appendix A, Table A1.

5.2. Strategic Analysis of the Economic Optimization Operation of Shared Energy Storage in the
Day-Ahead Stage

5.2.1. Leasing Demand Analysis Considering Uncertainty in Wind Power Output

Considering the impact of the probability distribution of prediction errors in wind
power output is beneficial for improving the simulated accuracy of SESO leasing capacity
and leasing price in the day-ahead stage. By using normal distribution and confidence
theory, the deviation degree between the predicted values of wind power output in the
day-ahead stage and real-time stage may be determined. The settings of relevant key
parameters are shown in Table A2 of Appendix A.

The difference in confidence values will lead to different leasing demands for WFCO
in different time periods. The confidence values are set to 50%, 80%, 90%, and 95%,
respectively, and conduct sensitivity analysis as shown in Figure 2.

From Figure 2, it may be observed that as the confidence value increases, the leasing
demand for shared energy storage by WFCO in each time period also increases. The
assessment cost caused by prediction error has a particularly significant impact on the
increase in leasing demand. In addition, as the confidence level approaches 95%, the
increase in leasing demand for shared energy storage in each time period tends to slow
down. The average leasing demand for each time period at a confidence level of 95% only
increased by 0.5620 MW compared to 90%. The analysis shows that a confidence value
of 95% in this paper can basically cover the majority of the difference in the prediction
error of wind power output in the day-ahead stage, effectively characterizing the impact
of prediction error on WFCO leasing demand. In fact, when the confidence value is set to
100%, it may include the difference between the predicted output of wind power in the
day-ahead stage and the predicted result in the real-time stage in historical data. However,
the confidence values in the range of 95% to 100% contain very small probability events
and do not have typicality or generality. If the confidence value is increased across the
entire range, it may lead to potential distortion risks in leasing capacity, as well as more
regulations in leasing capacity during the real-time stage.
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Figure 2. WFCO leasing demands with different confidence values.

To analyze the impact of the uncertainty of wind power output on SESO’s leasing
prices in different time periods during the day-ahead stage, two scenarios were set up for
comparative analysis. Scenario 1: Using the method described in reference [19], the leasing
results formed by the assessment cost without considering the prediction error caused
by wind power uncertainty in the day-ahead stage. Scenario 2: The method proposed in
this paper uses the probability distribution of prediction errors to determine the leasing
results formed by the prediction error of wind power output, with a confidence level of
95%. The leasing capacity and leading prices of SESO in different scenarios are shown in
Figure 3, and the leasing prices of capacity and mileage in each time period are shown in
Appendix A, Table A3.
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Figure 3. SESO leasing capacity and leasing prices in different scenarios.

From Figure 3, it may be observed that in most time periods, the leasing capacity of
scenario 1 is lower than that of scenario 2, especially in time period 22. Compared with
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scenario 1, the leasing capacity of scenario 2 has increased by 8.0283 MW, indicating that
the leasing capacity of WFCO has improved to a certain extent after considering the impact
of prediction error in the day-ahead stage. For the leasing prices in different time periods,
scenario 2 has a much higher degree of fluctuation than scenario 1, with more drastic
changes and a more distinct leasing price signal. The highest leasing price of scenario
2 increased by 0.0266 CNY/kWh compared to scenario 1, indicating that the increased
demand for leasing due to prediction error assessment will exacerbate the frequency of
leasing price fluctuations in different time periods.

To further validate the effectiveness of considering the uncertainty of wind power
output in the day-ahead stage for optimizing leasing results, the SESO leasing demand
value based on the predicted wind power output in the real-time stage was used as the
target value for dynamic regulation of WFCO leasing capacity in the day-ahead stage. The
differences in capacity regulation between the two scenarios in the real-time stage were
compared and analyzed, and the analysis results are shown in Figure 4.

w
(=)
1

B Lcasing demand for each time period in Scenario 1
Leasing demand for each time period in Scenario 2
B Lcasing demand in real-time stage
—M— Regulated values of rental demand for each time period in Scenario 1
—®— Regulated values of rental demand for each time period in Scenario 2

(3]
[S2)
T

(5]
(=)
T

—_
ol
T

—
f=]
T

ol
T
|

o

Regulated values of rental demand/MW

t/h

Figure 4. Regulation values of SESO leasing demand in different scenarios during real-time stage.

From Figure 4, it may be observed that in scenario 2, compared to scenario 1, the
demand for SESO capacity lease during most time periods is closer to the demand for
WEFCO capacity lease during the real-time stage. In scenario 1, there is not much difference
in the demand for SESO capacity lease between the periods of low leasing demand and
the real-time stage, while the difference is significant in the periods of high capacity
lease demand, much lower than that in scenario 2. In addition, the regulation value of
leasing demand in scenario 2 is significantly lower than that in scenario 1 during most
of the time periods, such as in time periods 1-6, where the regulation value of leasing
demand in scenario 2 is close to zero. The regulation of leasing demand in scenario 2
is relatively stable in each time period, with only significant changes in time periods 7
and 9, and smaller fluctuations in other time periods compared to scenario 1. Analysis
shows that in the day-ahead stage, the calculation of demand values for SESO capacity
lease considering WFCO prediction error assessment is effective, which is conducive to
improving the consistency of SESO leasing demand between the day-ahead stage and the
real-time stage, effectively reducing the regulation value of WFCO’s leasing demand in
the real-time stage, and promoting the formation of more reasonable and accurate leasing
prices in each time period.
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5.2.2. SESO Revenue Analysis in Different Application Scenarios

Diversified application scenarios are beneficial for improving the utilization rate and
economy of shared energy storage. The SESO utilization rate may be calculated using the
following equation:

$=g L RE (31)

12 (R} + REM 4 RIRM 4 R?)
t=1

where ¢ is the utilization rate of SESO; REM is the input capacity of SESO in the electric
energy market during time period t; RFRM represents SESO’s investment capacity in the
frequency regulation market during time period t; RY is the charging and discharging ca-
pacity of SESO in non-application scenarios during time period f; RX is the total operational
capacity of SESO during time period f, which can be calculated based on the upper and
lower limits of SOC.

To verify the rationality and economy of the multi-scenario application of shared
energy storage providing leasing services for wind farm clusters and participating in the
electric energy market and frequency regulation markets, this paper sets up three schemes
for comparative analysis. Scheme 1: SESO only participates in the application scenario of
providing leasing services for wind farm clusters. Scheme 2: SESO will invest the remaining
capacity in the electric energy market for price arbitrage based on its participation in
providing leasing services for wind farm clusters. Scheme 3: This is the application scenario
proposed in this article. The pre-scheduling results of SESO with different schemes in the
day-ahead stage are shown in Figure 5.

From Figure 5, it may be observed that with the diversification of application scenarios,
the charging and discharging power of shared energy storage and SOC change frequency
gradually increase. For Scheme 1, only the WFCO capacity lease scenario was considered,
and the charging and discharging power of shared energy storage was centered around
the leasing demand of WFCO in various time periods. The SOC value curve did not
fluctuate significantly, and it fluctuated repeatedly below 0.5 during the 1-21 time periods.
For Scheme 2, based on Scheme 1, the remaining capacity will be invested in the electric
energy market, and the charging and discharging power of shared energy storage will
peak during the highest electric price period in the electric energy market. For example, in
periods 10 and 21, the discharging power of shared energy storage in the electric energy
market is close to 30 MW; In the non-electric energy market, during the peak electric price
period, the charging and discharging action of shared energy storage are more commonly
used for WFCO capacity lease scenarios, thereby improving the overall utilization rate and
economic revenue of SESO. For Scheme 2, the SOC values exhibit peak valley characteristics
similar to those in the electric energy market, and the frequency of occurrence of SOC
upper and lower limits is much higher than that in Scheme 1. For Scheme 3, introducing
the frequency regulation market into the application scenario of shared energy storage, its
charging and discharging action are more frequent compared to Scheme 2 and Scheme
1, and the charging and discharging power in each time period is closer to the upper
and lower limits of rechargeable and dischargeable power, significantly improving the
utilization rate of shared energy storage in each time period. Moreover, the number and
magnitude of changes in the SOC value curve between the upper and lower limits of SOC
have significantly increased, which indirectly confirms that the application scenarios of
the frequency regulation market are conducive to significantly improving the operating
power of shared energy storage in various time periods. Analysis shows that the frequency
regulation market is an important scenario for reducing idle rates through shared energy
storage. Rich application scenarios can effectively leverage the diverse value of shared
energy storage and improve operational revenue.
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The revenue and utilization rates of SESO in various application scenarios under

different schemes are shown in Table 1.

Table 1. SESO revenue and utilization rates under different schemes.

SESO Revenue/CNY 10,000

Different R
Scheme Utilization Rate . Revenue from Electric ~ Revenue from Frequency
Leasing Revenue .
Energy Market Regulation Market

Scheme 1 32.46% 8.1673 0 0

Scheme 2 35.89% 8.4671 2.9561 0

Scheme 3 85.33% 8.9234 2.3798 15.7329
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Figure 5. SESO optimization results for different schemes.

From Table 1, it may be observed that there are significant differences in the utilization
rate and economic benefits of shared energy storage among different schemes. Scheme 1 is
a single application scenario for capacity lease in wind farm clusters, with a utilization rate
of only 32.46%. The leasing income in Scheme 1 decreased by CNY 2998 and CNY 7561,
respectively, compared to Scheme 2 and Scheme 3. This is because the leasing demand of
WECO in different time periods is random, resulting in continuous charging or discharging
action of shared energy storage in multiple time periods. Due to the inherent characteristics
of SOC of shared energy storage (capacity limitation of shared energy storage), SESO is
unable to fully meet the leasing demand of WFCO in a few time periods. In Scheme 2, a
new application scenario for the electric energy market has been added, which utilizes the
arbitrage method of peak valley price difference to encourage SESO to perform full power
charging during the periods when WFCO has charging leasing demand (close to or in the
valley time period), and to perform full power discharge during peak period of electric
price (under the premise of meeting subsequent leasing demand), thereby increasing the
period and capacity that meet WFCO's capacity lease demand. Compared with Scheme
1, which has a single application scenario, the leasing income has increased by 3.6707%,
and the total income and utilization rate have increased by CNY 325.59 million and 3.43%
respectively. For option 3, incorporating the frequency regulation market with good
energy storage revenue in the current market environment into the application scenario
significantly improves utilization, with a 52.87% increase compared to Scheme 1. The
frequency regulation revenue is much higher than the leasing revenue.

It is worth noting that the high regulation and high price requirements of the fre-
quency regulation market are more closely related to the energy storage system. With the
continuous increase in the installed capacity of new energy and its gradual transformation
into core power sources, the assessment costs it faces will become more complex and
enormous, and the demand for leasing shared energy storage will increase accordingly.
It may be expected that the severe assessment issues faced by new energy will provide
greater bidding space and economic benefits for leasing scenarios of shared energy storage,
which will be equally important or even more important than the application scenarios in
the frequency regulation market. Meanwhile, effectively controlling the fluctuations and
prediction deviations of new energy before grid connection is beneficial for reducing its
impact on the safe and stable operation of the power grid.
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5.3. Rolling Optimization Strategy Analysis for Real-Time Shared Energy Storage

In the real-time stage, based on wind power output and the prediction results of market
electric price, an improved robust optimization method is used to determine the deviation
of the prediction results, thereby achieving dynamic regulation of WFCQO's leasing capacity
and SESO charging and discharging plan in each time period. The mean and variance of
the real-time forecast results of wind power output and market electric prices are shown in
Table A4 of Appendix A.

5.3.1. Rolling Regulation Analysis of WFCO Leasing Strategy

WECO calculates the mean and variance of the predicted sequence of real-time wind
power output based on the leasing prices in each time period during the day-ahead stage,
updates the prediction results using an improved robust optimization method, and calcu-
lates the regulation value of WFCO'’s leasing capacity in each time period.

To verify the effectiveness and rationality of considering wind power output uncer-
tainty in optimizing WFCO leasing demand adjustment during the real-time phase, three
scenarios were set up for comparative analysis. Scenario 1: Directly using real-time wind
power output prediction results to calculate the WFCO assessment cost for SESO capacity
leasing adjustments in each period. Scenario 2: Considering the uncertainty of wind power
output, the classical robust optimization method is used to quantify the prediction devi-
ation. Based on the real-time wind power output prediction correction results, the SESO
capacity leasing adjustment for each period is calculated to form the WFCO assessment
cost [15]. Scenario 3: The method proposed in this article quantifies prediction bias using
an improved robust optimization approach, and calculates the WFCO assessment cost
based on the real-time wind power output prediction correction results for SESO capacity
leasing adjustments in each period. Scenario 4: Using deep learning methods to calculate
the WFCO assessment cost generated by SESO capacity leasing adjustments at each time
period [27]. The assessment costs of WFCO in different scenarios during the real-time stage
are shown in Table 2.

Table 2. Assessment costs of WFCO in different scenarios during the real-time stage.

The Various Costs of WFCO/CNY 104

Different Assessment Costs Assessment Costs Capacity Leasi Total Assessment
Scenario Caused by Fluctuations  Caused by Prediction apac1éy teasmg Cost

in Grid-Connected Power Deviation 08
Scenario 1 0.1431 0.6709 9.0827 9.8967
Scenario 2 0.2355 0.8346 10.5534 11.6235
Scenario 3 0.2188 0.8237 10.0183 11.0608
Scenario 4 0.2272 0.8143 9.9319 10.9734

From the table, it can be seen that the total assessment cost of scenario 1 is lower than
that of scenarios 2 and 3, with a reduction of CNY 17,268 and CNY 11,641, respectively,
which is in line with the adjustment results of leasing capacity in different scenarios during
the real-time stage. The real-time prediction results that do not consider the uncertainty
of wind power output are too idealized, and the insufficient or excessive adjustment of
leasing capacity in the real-time stage results in WFCO'’s leasing capacity being unable
to effectively cope with the additional assessment costs caused by the deviation between
actual wind power output and prediction results in the real-time stage. There is a potential
risk of increasing the total assessment cost of WFCO. Scenarios 2 and 3 take into account
the uncertainty of wind power output, and consider the worst-case scenario of actual wind
power output through robust optimization and improved robust optimization methods,
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thereby enhancing the robustness and effectiveness of WECQO's real-time leasing capacity
adjustment results. Scenario 3 integrates real-time wind power output prediction results
with leasing capacity adjustment decisions, resulting in a total assessment cost reduction of
CNY 5627 compared to scenario 2. This indicates that the improved robust optimization
method is more objective and accurate, and can balance the economic benefits of WFCO
while ensuring the robustness of leasing capacity adjustment results. In addition, compared
to scenario 4, scenario 3 only increased the total assessment cost by CNY 874, indicating
that the method proposed in this paper is similar in effectiveness to scenario 4 using deep
reinforcement learning, effectively reducing the difficulty of model solving while ensuring
the accuracy of calculation results.

5.3.2. Rolling Regulation Analysis of SESO Charging and Discharging Strategy

SESO calculates the mean and variance of the predicted sequence of clearing prices for
the electric energy market and frequency regulation market in the real-time stage based on
the regulation results of WFCO'’s leasing capacity in each time period. An improved robust
optimization method is used to update the predicted results and determine the charging
and discharging plan for shared energy storage in each time period.

To verify the effectiveness and rationality of considering price uncertainty of market
electricity in the real-time stage for improving the SESO rolling optimization operation
strategy, three scenarios are set up for comparative analysis. Scenario 1: Directly using
the forecasting results of the electric price in the real-time market to develop operational
strategies for SESO rolling optimization at various time periods. Scenario 2: Considering
the uncertainty of wind power output, the classical robust optimization method is used
to quantify prediction deviation, and the correction results of electric price prediction
in the real-time market are used to determine the SESO rolling optimization operation
strategy in each time period. Scenario 3: This is the method proposed in this paper, which
uses an improved robust optimization method to quantify prediction deviation, and uses
the correction results of electric price prediction in the real-time market to determine the
operational strategy of SESO rolling optimization in each time period. In scenario 2, the
robustness factors are all set to 6; In scenario 3, the confidence level is set to 1.2 and 1.2 [26],
respectively. The costs and benefits of SESO in different scenarios during the real-time
stage are shown in Table 3.

Table 3. Costs and benefits of SESO in different scenarios during real-time stage.

The Various Costs of WFCO/CNY 10,000

Different Capacity Revenue from Revenue from Operation Total Operation

Scenario Leasing Electric Energy Frequency Cost Revenue
Revenue Market Regulation Market

Scenario 1 10.0183 2.1392 14.5265 7.1876 19.4964

Scenario 2 10.0183 1.7904 12.7941 6.6382 17.9646

Scenario 3 10.0183 1.9340 13.2876 6.8915 18.3484

From Table 3, it may be observed that there are significant differences in the total
operating revenue of SESO under different scenarios. The capacity leasing revenue is the
same in all three scenarios, but the differences are concentrated in market revenue and
operating costs. The total operating profit is highest in scenario 1, with an increase of
7.8568% and 5.8883% compared to scenarios 2 and 3, respectively. This indicates that in
the real-time stage, without considering the uncertainty of market electric prices, using
the real-time market electric price prediction results to determine the SESO optimization
operation strategy is not robust. When there is a certain degree of difference between
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the clearing price in the actual electricity market and frequency modulation market and
the predicted value of the real-time market electric price, the SESO rolling optimization
operation strategy is prone to face certain economic losses. In scenarios 2 and 3, the SESO
real-time rolling optimization strategy is determined based on the error space between
the predicted real-time electric price and the actual clearing price, resulting in a charging
and discharging plan with stronger risk resistance. Compared to scenario 2, scenario 3 has
increased the total operating revenue by 2.1364%. It uses key indicators of the prediction
results of real-time electric price to determine the upper and lower limits of error space,
which improves the objectivity and robustness of the quantified results of market electric
price uncertainty while ensuring the economic viability of SESO’s rolling optimization
operation plan.

6. Conclusions

With a single application scenario, it is difficult to effectively leverage the diverse value
of shared energy storage. In order to enhance economic benefits, this paper constructs a
diversified application scenario of shared energy storage for lease-electric energy-frequency
regulation, and uses a Stackelberg game model and probability distribution method of
prediction error to optimize the pricing mechanism of the leasing mode. Considering
multiple uncertainties has improved the robustness and economy of SESO charging and
discharging plans. The effectiveness of the model and proposed method constructed in this
paper was validated using operational data from the Guangdong electricity market, and
the following conclusions were drawn:

(1) Multiple application scenarios can effectively leverage the capacity support and rapid
regulation value of shared energy storage. Compared with a single capacity leasing
scenario, the utilization rate and economic benefits of shared energy storage in the
multiple scenarios built in this paper increased by 52.87% and CNY 158,700, respec-
tively, which is conducive to promoting wind power consumption and improving the
economic benefits of shared energy storage.

(2) A reasonable price formation mechanism is the key to increasing the willingness
of shared energy storage to provide balanced services for various wind farms. The
Stackelberg game model can effectively characterize the energy sharing and interactive
game between capacity leasing parties. Compared to the fixed electricity price model,
the Stackelberg game model constructed in this paper may increase the revenue of the
wind farm by CNY 13,632, and the resulting leasing price signal can effectively map
the leasing demand of WFCO in various periods.

(3) In the process of forming leasing prices in the day-ahead stage, considering the
uncertainty of wind power output can more accurately quantify the leasing demand
of WFCO in various periods, effectively reducing the regulation value of WFCO
leasing capacity in the real-time stage, thus forming a more distinct and accurate
leasing price signal, which is conducive to guiding WFCO to lease shared energy
storage capacity on demand.

(4) The improved robust optimization method that integrates prediction results and
scheduling decisions is adopted to determine the degree of deviation between wind
power output and market electric prices in real-time prediction results with higher
accuracy, resulting in a 2.1364% increase in SESO revenue compared to traditional
robust optimization methods. This approach ensures the robustness of SESO’s real-
time rolling charging and discharging plan while also considering economic benefits.

With the continuous increase in the penetration rate of shared energy storage, the
bidding behavior of shared energy storage in the electricity market and auxiliary service
market will significantly affect the market clearing price. The hypothesis proposed in
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this paper is that shared energy storage serves as a price receiver in the electricity market
and needs to be reset, and optimization scheduling models and methods under different
scenarios of shared energy storage penetration rate can be explored in the future. In
addition, with the increase and complexity of shared energy storage application scenarios,
the optimization model proposed in this paper faces a series of problems such as difficulty
in determining the order of scene participation and difficulty in solving them. In the future,
advanced methods such as evolutionary game theory or dynamic optimal control can be
explored to solve the problems of shared energy storage and business model innovation.
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Abbreviations

Symbol Definition

SES shared energy storage

SESO shared energy storage operators

WEFCO  wind farm cluster operators

EM the electric energy market

FRM the frequency regulation market

% the total leasing price of SESO during time period ¢

’yfﬂp the capacity lease price of SESO during time period ¢

'y’;nmz the mileage leasing price of SESO during time period ¢

Iglgso the total operating revenue of SESO in the capacity lease scenario in the day-ahead stage

i the total charging and discharging mileage of WFCO in the day-ahead stage during
t time period ¢

A the loss cost of SESO unit charging and discharging power

pile the charging power of SESO for the capacity lease scenario during time period ¢ in
t the day-ahead stage

piid the discharging power of SESO for the capacity lease scenario during time period ¢ in
t the day-ahead stage

p* the rated charging power power of SESO

p4 the rated discharging power of SESO

SOC; the state of charge values of SESO during time periods ¢

SOC;_1 the state of charge values of SESO during time periods t — 1

e the charging efficiencies of SESO

14 the discharging efficiencies of SESO

Esgs the rated capacity of SESO

At the time interval, taken as 1 h in this paper

SOC™In  the maximum SOC values pre-set by SESO

SO0C™®  the minimum SOC values pre-set by SESO

s0c’ the initial SOC value of SESO

50C* the SOC value at the end of one operating cycle (24 h)

C{‘fv the total cost of WFCO in the day-ahead stage under capacity lease scenarios
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w,t
Pt

S
PEMm

S
PErRM

the assessment cost incurred by WFCO during grid connection in the day-ahead stage
due to fluctuations in power generation

the assessment cost formed by the prediction error of WFECO's power generation in
the day-ahead stage

the unit assessment costs incurred by WFCO during grid connection due to
fluctuations in power generation

the unit assessment costs incurred due to forecast deviations in power generation
the assessment capacity formed by the fluctuation of power generation during grid
connection after WFCO leases SESO capacity in the day-ahead stage

the assessment capacity formed by the prediction error of power generation.

the maximum grid connected power of WFCO during time period ¢

the online power of WFCO during time period ¢

the predicted power of WFCQ's mth wind farm during time period ¢ in the
day-ahead market

the rated power of WFCO's mth wind farm during time period ¢

the maximum wind power curtailment of WFCO during time period ¢ in the
day-ahead market

the predicted power of WECO in the day-ahead market during time period ¢

the predicted values of wind power output

the predicted values of clearing prices in the electric energy market

the predicted values of clearing prices in the frequency regulation market during
the real-time stage

the average predicted results of wind power output

the average predicted results of clearing prices in the electric energy market

the average predicted results of clearing prices in the frequency regulation market
during the real-time stage

the variances of the predicted results for wind power output

the variances of the predicted results for clearing prices in the electric energy market
the variances of the predicted results for clearing prices in the frequency regulation
market during the real-time stage

the upper and lower quantile point of the standard normal distribution

the total operating revenue of SESO in multiple application scenarios during

the day-ahead stage

the total operating revenue of SESO in the market trading application scenario during
the day-ahead stage

the revenue obtained by SESO from the electric energy market in the day-ahead stage
the revenue obtained by SESO from the frequency regulation market in the day-ahead stage
the operational cost loss of SESO in the market trading application scenario during

the day-ahead stage

the cost of wind power curtailment charging for SESO in the day-ahead stage

the predicted clearing prices for the electric energy market during time period ¢

the predicted clearing prices for the frequency regulation market during time period ¢
the pre-scheduled power of SESO in the electric energy market during time period ¢
the pre-scheduled power of SESO in the frequency regulation market during time period ¢
the charging power of SESO in the market trading scenario during time period in the
day-ahead stage

the discharging power of SESO in the market trading scenario during time period in
the day-ahead stage

the wind power charging price for SESO during time period ¢ in the day-ahead stage
the abandoned wind power charging for SESO during time period ¢ in the day-ahead stage
the total charging power of SESO during time period ¢

the total discharging power of SESO during time period ¢

an operator that means at least one of the left and right parameters will be 0
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Figure A1. Output prediction curve of wind farm 1 in day-ahead stage and real-time stage.

20 40 60 80 100
Time/15min

90

80 -

Power/MW
Ey n (2] ~
o o o o

w
o

20 H

The output forecast of wind farm 2

in day-ahead stage \ B
The output forecast of wind farm 2 | \
in real-time stage

Figure A2. Output prediction curve of wind farm 2 in day-ahead stage and real-time stage.
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Figure A4. Output prediction curves of wind farm clusters in day-ahead and real-time stages.
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Figure A5. Maximum power capacity of wind farm clusters at grid-connected nodes.

Table Al. Parameter settings for shared energy storage participating in multiple application scenarios.

Parameter Type Parameter Values
Rated power/MW 40
Rated capacity/MWh 40
Charge/discharge efficiency 0.95/0.95
Initial value of SOC 0.3
Maximum/minimum value of SOC 0.9/0.1
Conversion factor 0.85
Unit operating cost loss/CNY/kWh 0.1542
Comprehensive frequency regulation performance indicators 2.7

Table A2. Key parameters of normal distribution of errors in WFCO output prediction in various

time periods during day-ahead stage.

Time Mean Value Variance
1 34.2393 89.6526
2 19.2634 37.2033
3 24.9932 53.9232
4 52.2001 278.6746
5 —15.3283 284.3623
6 —26.8151 58.0981
7 94.1020 540.3911
8 —8.7919 5.3743
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Table A2. Cont.
Time Mean Value Variance
9 60.7938 342.3677
10 32.8836 102.3540
11 21.7613 41.3698
12 18.6338 38.6720
13 —6.7217 3.1433
14 33.1149 95.4252
15 —33.4131 101.3509
16 5.4930 2.1563
17 —30.7271 93.1988
18 40.8384 137.1739
19 58.4960 293.1762
20 —22.7332 46.3279
21 35.3781 98.5644
22 —36.4167 102.3767
23 —33.6615 96.4484
24 —1.2299 0.15367
Table A3. Leasing prices for SESO capacity in different scenarios.
Capacity Price Mileage Price
Time
Scenario 1 Scenario 2 Scenario 1 Scenario 2
1 0.3248 0.3248 0.1988 0
2 0.3248 0.3248 0 0
3 0.3248 0.3248 0.3455 0.4081
4 0.3248 0.3248 0.2678 0.2678
5 0.3248 0.3248 0.1542 0
6 0.3248 0.3248 0.1988 0
7 0.3248 0.3248 0.3455 0.2678
8 0.3248 0.3248 0.1988 0.1542
9 0.3248 0.3248 0.4081 0.4081
10 0.3248 0.3248 0.1542 0
11 0.3248 0.3248 0.1542 0.1988
12 0.3248 0.3248 0.1542 0.1542
13 0.3248 0.3248 0.4081 0.4527
14 0.3248 0.3248 0.1988 0.1988
15 0.3248 0.3248 0.3455 0.3455
16 0.3248 0.3248 0.1988 0.3455
17 0.3248 0.3248 0.3455 0.3455
18 0.3248 0.3248 0.1988 0.1542
19 0.3248 0.3248 0.4081 0.4527
20 0.3248 0.3248 0 0.2678
21 0.3248 0.3248 0.4081 0.4527
22 0.3248 0.3248 0.4527 0.4527
23 0.3248 0.3248 0.3455 0.4527
24 0.3248 0.3248 0.3455 0.2678

Table A4. Mean and variance of real-time forecast results of wind power output and market elec-

tric prices.

Type Mean Value Variance
Wind power output/MW 140.9584 604.6776
Electric prices in electric energy
market/CNY/kWh 05492 0187
Electric prices in frequency 10.5968 30643

regulation market/CNY/kWh
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