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Abstract

In this study, we construct a bi-level optimization model based on the Stackelberg game and propose a robust optimization algorithm
for solving the bi-level model, assuming an actual situation with several participants in energy trading. Firstly, the energy trading process
is analyzed between each subject based on the establishment of the operation framework of multi-agent participation in energy trading.
Secondly, the optimal operation model of each energy trading agent is established to develop a bi-level game model including each energy
participant. Finally, a combination algorithm of improved robust optimization over time (ROOT) and CPLEX is proposed to solve the
established game model. The experimental results indicate that under different fitness thresholds, the robust optimization results of the
proposed algorithm are increased by 56.91 % and 68.54 %, respectively. The established bi-level game model effectively balances the ben-
efits of different energy trading entities. The proposed algorithm proposed can increase the income of each participant in the game by an

average of 8.59 %.

Keywords: Robust optimization over time; Integrated energy system; Dynamic problem; Stackelberg game

0 Introduction

The extensive usage of non-renewable energy has
caused issues such as fossil energy shortages and severe
environmental contamination. The scientific utilization of
renewable energy is crucial for achieving low carbon emis-
sions in modern power systems [1]. However, renewable
energy power generation significantly limits the ability of
conventional energy systems to accept renewable energy
source (RES) and the level of consumption of RES owing
to its intermittent and random characteristics. When com-
pared with the conventional microgrid, the integrated
energy system (IES) based on combined heat and power
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(CHP) is more flexible for rationalizing the use of primary
energy and coordinating the unified planning of energy [2],
which has garnered significant attention from the indus-
trial sector and academia [3,4]. The scheduling problem
of IES is gradually transformed into a type of multi-
agent optimization problem owing to the continuous
change in the modern power system structure and the
increase of participants in the power market. Therefore,
the game theory, which considers the interaction of multi-
ple decision-makers and multi-objective coordination
equilibrium, presents a new perspective for examining
these problems [5,6]. Currently, a bi-level or three-level
game optimization model is commonly used. In reference
[7], the optimal scheduling problem of the short-term mar-
ket of the energy hub was analyzed. The bi-level Stackel-
berg model comprised an energy market at the upper
level and an energy producer at the lower level. The simu-
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lation results demonstrated that game theory can provide
producers with higher returns. In reference [8], the game
relationship between the electricity retailers and commer-
cial building users was analyzed. Among them, electricity
retailers provide electricity prices, and the electricity con-
sumption strategy of building users varies with the change
in the external electricity prices. The results demonstrated
that game theory can increase the revenue of electricity-
selling companies and improve user satisfaction with elec-
tricity services in buildings. In reference [9], a bi-level game
optimization model was constructed with the power sup-
ply subject as the leader and gas supply subject as the fol-
lower to optimize the operation problem of both the power
and gas supply subjects in IES. In reference [10], a low-
carbon Stackelberg optimal scheduling model was estab-
lished based on IES by introducing carbon capture equip-
ment and electric-gas equipment on the energy supply side.
In reference [11], a demand response model was developed
based on the flexible equipment owned by the power con-
sumption side and the user’s comfort requirements. Conse-
quently, a bi-level Stackelberg master—slave game model
was established. This example demonstrated that the user’s
consumption behavior can affect the optimal scheduling
results of the entire system to a certain extent. Based on
the perspective of the carbon mechanism, the uncertainty
of the response of both the power supply side and user
load side of the IES to the carbon mechanism was consid-
ered in reference [12]. An optimized scheduling method
was proposed based on the perspective of bilateral compe-
tition to overcome this uncertainty problem. This method
presents a new approach for the hierarchical integrated
energy market trading model. Based on these bi-level game
models, a three-level game model was established by devel-
oping a dual master—slave game model and using the load
aggregators as energy trading hubs in reference [13]. The
model nests non-cooperative games in the master—slave
game model and establishes a distributed iterative solution
method to perform collaborative optimization calcula-
tions. A three-level non-cooperative game trading mecha-
nism was developed based on the multi-microgrid grid-
connected model in reference [14]. Additionally, a risk-
averse stochastic programming method was developed
based on the uncertainty factors of the power supply side
and the load side of the power system. The application of
game theory in the energy field is preferred as the three-
level model is a better fit for the actual trading model.
However, the previous studies conducted on the game
strategy considering the IES have not fully considered
the situation wherein the shared energy storage station
(SESS) participates in the optimal scheduling as an auxil-
iary equipment on the power supply side. Furthermore,
the optimal scheduling algorithm does not focus on the
robustness of the results in the time domain. In this study,
we established a bi-level Stackelberg game model to over-
come these problems. Moreover, we added SESS on the

power supply side for optimal scheduling and improve-
ment in the structure of modern power systems. Addition-
ally, we propose an improved robust optimization over
time (ROOT) and CPLEX to solve the established bi-
level game model.

1 System model and problem formulation
1.1 Overall framework of the IES

The proposed IES comprises regional energy retailer
(RER), load aggregator (LA), regional energy aggregator
(REA) and SESS. IES cooperates with the external power
grid (EPQG) to realize the economic and stable energy sup-
ply of the entire system using RER as the link and REA as
the basis. Fig. 1 depicts the overall structure of the IES.
RER is a bridge that connects REA and LA, and provides
a reasonable purchase and sale price for REA and LA.
RER can better guide REA and LA to participate in the
electricity market activities when compared with EPG
owing to the flexible pricing strategy. LA gathers a group
of energy users with demand response (DR) capabilities to
participate in energy trading activities [15]. Based on the
RER daily energy price, REA and LA optimize the energy
output of the equipment and energy demand of the load in
each period.

REA comprises several integrated electric-heat systems
(IEHS), with TEHS as the core to satisfy the energy pur-
chase demand of RER. Fig. 2 depicts the structure of
IEHS. In this system, electricity is generated using renew-
able energy sources such as photovoltaic (PV) and wind
turbine (WT) generators, along with gas energy supplied
by an external natural gas network. Natural gas is supplied
to the CHP and gas boiler (GB). The energy coupling
devices include CHP, electric boiler (EB) and GB, which
can realize the bidirectional flow of electric-thermal
energy. The CHP consists of gas turbine (GT), a waste
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heat boiler (WHB), and a low-temperature waste heat
power generation device based on an organic Rankine
cycle (ORC). The operation mode of the CHP is thermo-
electrolytic coupling. The EB absorbs renewable energy
and takes part of the heat load, and SESS stores the elec-
tric energy in the system.

Based on the daily energy prices set by the RER in the
upper region, the output of each equipment was optimized
within each time period and coordinated with SESS to
maximize the consumption of renewable energy and max-
imize its own energy sales revenue. Simultaneously, REA
builds SESS around the regional energy system according
to the actual situation and provides energy storage equip-
ment leasing services for its multiple IEHSs. The SESS
presents energy charging and discharging plans by inter-
acting with the REA information and formulates interac-
tive energy strategies to satisfy the system requirements.

1.2 Energy trading process

Fig. 1 depicts the bi-level energy Stackelberg game
structure, which comprises two stages: pricing stage and
energy supply stage. The energy trading process involves
first determining the price, followed by supplying the
energy. The decision solutions of the two stages affect each
other until they reach the equilibrium state.

Pricing stage: The upper RER comprehensively consid-
ers the supply and demand relationship of the energy sup-
ply side and demand side, along with the pricing factors of
the external energy network, and formulates its own pur-
chase and sale energy price to maximize its own income.

Energy supply stage: The lower energy supply side REA
formulates the optimal operation plan of the unit based on
the upper price information to achieve its own optimal
benefits. Similarly, the energy demand side LA formulates
its own optimal load curve according to the upper price
information to satisfy its own energy usage requirements.

2 Problem Formulation
2.1 Modeling of RER

The RER is used to maximize the revenue.
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max Frer = Csell - Cbuy - Cgrid - Cheat (1)
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=1
where Ciet, Couy, Carid> Cheat denote the energy sales rev-
enue, energy purchase expenditure, grid interaction expen-
diture, and heating penalty expenditure of RER,
respectively. 7 indicates the number of scheduling periods;
t represents the current scheduling period; Az signifies the
scheduling time period; P?' and QM refer to the electrical
and heat load of LA; ¢ and ¢! symbolize the electrical
and heat power sales prices of the RER; P and Qi‘b
denote the electrical and heat power supply of REA; ¢
and ™ represent the electrical and heat power purchase

prices of the RER; ¢ and ¢ indicate the electricity power
sale and purchase prices of the EPG; 4, refers to the pen-
alty coefficient for the heating interruption.

To prevent deterioration and avoid the direct transac-
tion between REA/LA with EPG, the purchase/sale price
of the RER must be slightly higher/lower than the price
of EPG, and the following constraint should be satisfied:

< b <P
<< (©)
C?,min < cllb < Cl’l.max

h,min h,max

<<

where ™" and "™ represent the lower and upper limits

of the heat price, respectively. Additionally, the RER’s
energy price must also meet the following conditions:

y < T * Ce,max

M~
ij

(7)

< T * Ch,max

07~
Q
~F

where Cemax and cjma. represent the upper limits of the
average electricity and heat prices of each scheduling
period.

2.2 Modeling of LA

The LA is used to maximize consumer satisfaction:
maXFla - Csal - Csell (8)

T
Cor= 32 [P =53 () 00t -3 (@] o

t=1
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where Cy, denotes the energy satisfaction; v., o, vy, and o,
denote the coefficient of LA emphasis on the electrical
energy and heat energy.
We consider the role of DR and describe the load con-
tained in the LA as follows:
el fix shf
{Pt_Pt +Pr (10)

hl _ ~fix _ ~red
t T =t t

where P™ and O denote the fixed electrical/fixed heat

load, Pfhf indicates the transferable electrical load, and

red

°° represents the reducible heat load.

The loads that participate in the DR must satisfy the
following constraints:

0 < Ptshf g Pfhf.max 1"
0< red < red, max ( )
XY X

Q

where PS"m and Q4™ represent the upper limit of
transferable electrical load and reducible heat load,
respectively.

The total translation of transferable electric load

remains unchanged.
T
ZPshf — Pshf.total (12)
t
=1

where POl denotes the total load of transferable electri-
cal load.

2.3 Modeling of REA

Based on the energy price given by RER, the REA opti-
mizes the running state of its own equipment. The REA is
used to maximize the revenue.

max Fre, = Cbuy — Cryel — Ciess (13)

at (P2)? + bEPE 4 ey
ob b 2 ob ~gb ob (14)
a (%) + b0 + et

T

(Pietss’in +P§iss,out)At (15)

=1

where Cp, denotes the gas purchase expenditure; Cleg
denotes the energy storage equipment maintenance expen-
diture; N denotes the number of IEHS in REA; i denotes

the i — th IEHS; P;g; denotes the electric power output of
GT; Q?}’ denotes the heat power output of GB; a®,b%,
and c® are the cost factor of GT; a®®,b%® and c£® denote
the cost factor of GB; wn., denotes the maintenance
expenditure of the storage equipment; P?f,“’i“ and Py
denote the value of the REA storing/retrieving electrical
energy with the SESS, respectively.

The detailed constraints are presented in references
[16,17]. The following constraints must be included owing

to the addition of SESS. Firstly, each IEHS must satisfy
the following constraints:

T
1=

N
Z Z (P?iss,in _ P;etss,oul) — Z (Piecs;a _ P?edslss> (16)
i=1

1 =1

where PG, and P denote the electrical energy stored
and output by the SESS, respectively.
Additionally, the interaction power of the IEHS using

SESS must also satisfy the following constraints:

0 < P?:crss,b < Psess‘mainhi;lY
0< Pictss,s < Psess.maxU?ill
(17)
U+ U < 1

U™ e {0, 13U € {0,1}

it
where P***™ denotes the upper limit of interaction power

of REA when using SESS; U} and U represent the dis-

charging status bit and charging status bit of the SESS,
respectively.

2.4 Modeling of SESS

The SESS is an indispensable part of modern energy
systems required to advance energy consumption and eco-
nomic operation [18]. Typically, SESS is operated and
managed by the REA and presents energy storage services
to IEHS in the REA. The capacity of SESS must remain
continuous, which can be expressed as follows:

1 sess,in
—— P At (18)

where E7** denotes the state of charge (SOC) of the SESS;
noss, yeha “and n3 indicate the energy self-discharge effi-
ciency, energy charge efficiency, and energy discharge effi-
ciency of the energy storage equipment, respectively.

To ensure that the SESS provides continuous energy
storage service during scheduling period, the SOC of the

SESS must satisfy the following constraints:

sess __ loss gosess cha psess,in
EF = (1= @) B + (neaPis™" =

Sess

Sess ,max ( 19)

sess __ _init gsess  __ psess
EO - O—sessEt,max - ET

min fsess SESS max fSess
{ UsessEt,max g E[ < g E

where o™, M and ¢! denote the lower limit coeffi-
cient, upper limit coefficient, and initial coefficient of
SESS, respectively.

The overall input/output power of SESS must satisfy

the following constraints:

0 g PS&SS < PS&SS US&SS

cha max ~ cha

0 < psess < sess ysess

dis max ~ dis

USESS + UZCISS < ‘l

cha

Uss € {0, 1}U5 € {0,1)

cha
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3 Bi-level Stackelberg game framework

The RER, as a leader, maximizes its benefits by imple-
menting a reasonable energy price strategy. On the energy
supply side, the REA optimizes the output of each equip-
ment in the IEHS to obtain maximum revenue based on
the price strategies presented by the RER. On the energy
demand side, LA, as another follower, optimizes its own
electrical load and thermal load corresponding to the
DR based on the given selling price of RER to achieve
maximum consumer satisfaction.

3.1 Game process

In the optimal scheduling process of the proposed
model, the optimization of the REA and LA is dependent
on pricing strategies of the RER. This trading process con-
forms to the one-master multi-slave bi-level Stackelberg
game model. Thus, this bi-level optimization problem is
as follows:

G = (N; ;1) (21)

(1) Participants: In the above Stackelberg game, RER is
the upper leader, and REA and LA are the lower fol-
lowers. The set of participants is expressed by
N = (rer;{la,rea}).

(2) Strategies: The RER strategy involves adjusting
energy prices, whereas the LA involves adjusting
energy usage planning. The REA strategy involves
adjusting the electric and heat power generated by
each device in each IEHS and the energy interaction
strategy with the SESS. The set of strategies is
expressed by Q= <17rer; {’7]31? ’7rea}>'

(3) Benefits: (1), (8), (13) represent the benefits of each
participant. The set of benefits is ex-pressed by
I = <Frer;{FlaaFrea}>-

3.2 Stackelberg equilibrium

The Stackelberg equilibrium (SE) represents the realiza-
tion of the maximum utility of each party in the game [19],
i.e., the satisfaction of each party based on the result of the
game, such that the actual utility and satisfaction of each
party remain different. Under such circumstances, neither
participant can achieve greater benefits by unilaterally
adjusting their strategy [20]. The SE of the proposed model
is expressed as Gsg = (1 My Miea)» @nd the following con-
ditions must be satisfied:

Frer s s M) > Free (e i )
Fia (tiers Mias Miea) > Fia O s o) (22)

Frea,i (njer7 ;71;7 ”:ea) = Freai (”;w ’7;;7 Nrea,is n;ﬁea.f,')Vi eEN
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where 77, 11j,, and ., denote the equilibrium strategies of
the RER, LA and REA, respectively; 7, and n, ;
denote the strategies of the i — th IEHS in the REA and
the equilibrium strategies of other IEHS except for the
i — th IEHS, respectively. The conditions for the existence
and uniqueness of SE in (22) are as follows:

e The strategy set of each participant is a non-empty com-
pact convex set in the Euclidean space.

e When the leader’s strategy is determined, the follower’s
strategy exists uniquely.

e When the follower’s strategy is determined, the leader’s
strategy also exists uniquely.

Owing to space limitations, the detailed proof of the
existence and uniqueness of the proposed bi-level game
model SE is presented in reference [20].

4 Solving method of bi-level Stackelberg game problem

As the optimization model contains time-varying
parameters, the entire system model presents time-
variant dynamic characteristics, and the optimization
problem must consider the robustness in the time domain.
Currently, ROOT exhibits a low overall search uniformity
for the solution space and is affected by the diversity of the
population [21,22]. The pre-selected solution easily falls
into the local optimum, which is not conducive to the opti-
mization algorithm to obtain the global robust optimal
solution. Therefore, we proposed a ROOT based on the
global-local hybrid random search strategy (ROOT-
GLHRS).

4.1 Optimal robust fitness selection conditions

Based on the mature robustness evaluation criteria, i.e.,
the survival time and average fitness proposed in reference
[23], we considered the calculation value of the robust
solution in the current dynamic environment as the mea-
surement benchmark and proposed the objective function
in the current dynamic environment. The average floating
value and the floating error of the two factors form a
judgement expression to determine the robustness of the
solution to reduce the calculation error of the algorithm
and obtain the optimal solution with better robustness.

1) Average floating value of the objective function

The average floating value, Af la(p: ;) 18 defined as follows:

1 1+q

Al = ——— 3 |f(r2) = f(x,%)] (23)
P T b g+1 i;;p .
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where Af7,, ., denotes the objective function in the envi-

ronment i; x indicates the decision variable; «; denotes the
time-varying parameter; p represents the number of histor-
ical environments; ¢ refers to the number of future envi-
ronments; ¢ signifies the current environment. A small
Af’;‘(p: . value indicates a gentle peak slope, implying that
the objective function changes slowly; otherwise, it indi-
cates that the peak slope is large.

2) Floating error of the objective function

The floating error, Af Iprq)’ is defined as follows:

t+q

Af gy = D (&, 0i1) = f (1)) (24)

i=t—p
A positive Af Ip: , value indicates a rising trend, whereas
a negative value indicates a declining trend.

3) Selection strategy of fitness function

Based on the Afy,, and Af},

strategy of determining the fitness value, FEjuyes, Of the
function is obtained by introducing the selection step as
follows:

values, the selection

n(AfY, 1y TES)
S ) — " )
if Af 10y <O
1A 1y —E)
FFitncss = . Jr‘f(x“ O(t) + +(r71) (25)
ifAf 1) > 0&&AS 1. = 4D (0
1AL g TE)
F vy ) = it 0
else

where # denotes the benchmark weight coefficient and E®*
indicates the root mean square error of the predicted
value, defined as follows:

e

E™ = Z et /n, (26)
i=1

where 1, denotes the number of samples for the optimal

solution and e¢; indicates the absolute difference between

the true value and the predicted value of the i — th sample.

4) ROOT-GLHRS

ROOT-GLHRS is obtained by combining the proposed
fitness value selection strategy and the ROOT algorithm
framework (Fig. 3). The Af ;‘(p: , and Af f(p ;) values are cal-
culated based on the data stored in the database presented
in the algorithm, and the optimal fitness value is calculated
using the selection strategy expressed in (25). The optimal
fitness value obtained by the selection strategy is integrated
into the particle swarm optimization (PSO) algorithm to

Initialization

ROOT-GLHRS Current environment

f(x.a,)

Fitness selection
through (25)

| |

‘ Optimal robust solution |

End

Fig. 3. Process of ROOT-GLHRS.

obtain a portion of the initial robust solution with better
performance. Subsequently, a mature time-domain robust-
ness evaluation index is employed to dynamically evaluate
the obtained initial robust solution. The robust solution
demonstrating the optimum dynamic performance is then
selected and output through an iterative process.

4.2 Two-stage solving algorithm

The proposed ROOT-GLHRS integrated
YALMIP + CPLEX to form an optimization solution
method for obtaining the optimal solution of the bi-level
Stackelberg game model comprising the leader RES and
followers LA and REA. Among these, the ROOT-
GLHRS is used to initialize and iteratively update the
energy price strategies of the upper leader, while
YALMIP + CPLEX is employed to calculate the optimal
unit output results and load scheduling results of the lower
follower as follows:

e Step 1: The parameters of RER, LA and SESS param-
eters are initialized with iteration count, k=0, and con-
vergence error ¢ = 0.01.

e Step 2: ROOT-GLHRS is used to randomly produce a
population of purchase/sale energy prices for REA, and
transmit the price information to the lower-level REA
and LA.

eStep 3:k=k+ 1.
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e Step 4: Based on the current purchase energy price,
REA calculates the optimal output of each device
through the CPLEX, retains the current generation rev-
enue F* , and returns the optimal output result to
RER.

Step 5: Based on the current sale energy price, LA cal-
culates the transferable electrical load and the reducible
heat load through the CPLEX, thereby retaining the
current generation revenue, F% . and returns the load
scheduling result to the RER.

Step 6: RER calculates the current generation revenue,
F* , based on the returned optimal results.

Step 7: ROOT-GLHRS is used to generate the RER’s
purchase and sale energy price for the next generation.
Steps 3-6 are repeated to calculate the generation of
Fk,new ’Fk,new ’Fk,new'

rea la rer

Step 8: If F&IY > F*

then FI[:;] —_ Fkﬁnew’ Fk+1 — Fk«,new.

rer> rer rea rea
k+1 _ ok k+1 _ ok k+1 _ ok
else Frer - Frer’ Frea - Frea’ Fla - Fla'
. k+-1 k k+1 k
[ ] Step 9: If |Frer - Frer < &, and |Frea - Frea < &,

|Fit — Fi| < e, termination routine, else, return to

step3.

5 Example analysis
5.1 Simulation system

In this study, a conventional IES was considered to
analyze the effectiveness of the model and solution
method. The REA comprises three IEHSs to facilitate
analysis of the impact of various renewable energy sources
on the operation of the IEHS. IEHS-1 only includes PV,
IEHS-2 only includes WT, and IEHS-3 includes both
WT and PV. Fig. 4 depicts the wind power and photo-
voltaic prediction curves for each IEHS, while Fig. 5 illus-
trates the power prediction curves of LA on typical days.
It was assumed that the translatable electric load and redu-
cible heat load account for 20 % of the total load. The
IEHS internal equipment parameters are presented in ref-
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Fig. 4. Renewable energy output curves of each IEHS.
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erence [24]. Fig. 6 depicts the price of energy of the exter-
nal energy network.
The parameters of SESS are shown in Table 1.

5.2 Results and analysis

5.2.1 Analysis of the robust of modified ROOT

Considering that each peak of the modified moving
peak benchmark (mMPB) can change autonomously, this
feature enables mMPB to better simulate the dynamic
change problem. Consequently, it is widely used in the
testing of the dynamic optimization algorithms. Therefore,
we also selected mMPB as the benchmark test function
and compared the robustness of ROOT-GLHRS with
other ROOT in this context. A detailed description of
the parameters of the mMPB setting are presented in ref-
erence [23], and a comparison is performed with the meth-
ods presented in references [22,23,25,26]. The evaluation
performance results are the average of 3000 independent
simulations. In the same mMPB test environment, differ-
ent fitness thresholds were selected to detect the perfor-
mance of different algorithms for dynamic environment
optimization. Here, the fitness thresholds are 40 and 50.
The run time represents the average value of each run time
of different algorithms in the mMPB test environment.
Table 2 and Fig. 7 present the final results.

The experimental results demonstrate that the proposed
ROOT-GLHRS method presents a more robust solution
of the average evaluation index for different fitness thresh-
olds. Compared with the results of the other ROOT algo-
rithm, when the fitness thresholds are 40 and 50, the
average evaluation index of the robust solution obtained
by the proposed ROOT-GLHRS is increased by 56.91 %
and 68.54 %, respectively. This enhancement is attributed
to the integration of PSO as the basis in the dynamic
robust optimization algorithm, which improves the global
search ability of the existing ROOT algorithm. Moreover,
the iterative speed and search ability of the ROOT-
GLHRS algorithm are further improved by using the opti-
mal fitness value selection strategy. Thus, the proposed
ROOT-GLHRS presents better dynamic robust solution
optimization and the average index of the final robust
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Fig. 5. Load demand forecasting curves of LA.
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Fig. 6. Time-of-use electricity and heat price.

solution. Furthermore, when the fitness thresholds are 40
and 50, respectively, the running time of the ROOT-
GLHRS increases by 6.50 % and 5.93 %, respectively,
when compared with the average running time of the other
ROOT algorithms. This is because the ROOT-GLHRS
algorithm must calculate the optimal fitness value first.
Subsequently, the calculated optimal value is substituted
into the algorithm, resulting in an increase in the running
time. As ROOT-GLHRS can significantly improve the
average evaluation index, less running time can be
included.

5.2.2 Analysis of Stackelberg game results of IES

Fig. 8 depicts the iterative process of game optimization
for the RER, REA, and LA, and the results converge
within 250 iterations. The bi-level solution based on the
proposed ROOT-GLHRS and CPLEX exhibits a good
convergence effect. When the game participants reach

SE, the respective strategies of the game participants no
longer change, indicating that no participants can gain
more benefits by independently varying their strategies in
the current interactive state. Additionally, the convergence
trends of leaders and followers are different. When each
participant is in the game stage, it can be observed from
the 50-60th iteration and the 100-110th iteration change
curve in Fig. 8, that the REA income decreases and the
LA income increases with an increase in the RER income.
When the participants reach SE, the benefits for each par-
ticipant remain unchanged. The benefits of lower layer fol-
lowers, REA and LA, in the game are 18,203.67 ¥ and
12,583.96 ¥, respectively, and the benefit of the leader
RER in the upper layer of the game is 11,069.74 ¥.

To verify the influence of different solution methods
and SESS on the economy of the system operation, the fol-
lowing four modes are set up in this paper. The results pre-
sented above are obtained under the setting of mode 4.

Mode 1: Operational optimization of IES under PSO
condition without considering SESS.

Mode 2: Operational optimization of IES under PSO
condition considering SESS.

Mode 3: Operational optimization of IES wunder
ROOT-GLHRS condition without considering SESS.
Mode 4: Operational optimization of IES under
ROOT-GLHRS condition considering SESS.

Table 3 and Fig. 9 present the final benefit of the RER,
REA, and LA under the four modes. It can be observed
that when the REA is equipped with SESS, its benefits

Table 1

Parameters of electrical energy storage equipment.

Parameter Value Parameter Value
Charging efficiency 95 % Initial SOC 20 %
Discharge efficiency 95 % Rated capacity 500 kWh
Self-discharge efficiency 1% Maximum charging power 200 k W
Maximum of SOC 90 % Maximum discharging power 200 k W
Minimum of SOC 20 %

Table 2

Average fitness and running time of different ROOT under mMPB.

Algorithm Fitness thresholds

40 50

Evaluation index Running time Evaluation index Running time
Jin [22] 1.53 624 s 0.69 63.2s
Fu [23] 3.03 63.5s 1.68 644 s
Novoa [25] 3.35 66.7 s 1.82 679 s
Yazdani [26] 3.62 67.3s 1.95 68.3s
ROOT-GLHRS 4.03 69.2s 2.17 70.1s

517



B. Zhou et al. | Global Energy Interconnection 8 (2025) 510-521

15 f—Jin‘s method 1
——Fu‘s method
< P‘s method
10 D¢s method J
—ROOT-GLHRS

n

survival time (fitness threshold 40)

<

time

(a) Robust solutions of different algorithms (fitness threshold = 40)

%14 T T

= —Jin‘s method

__2 12 [|—Fu‘s method ]
£ 10 [|~~P*s method ]
= D¢‘s method

2z 8 |—ROOT-GLHRS ]
=

=

:; 6

g 4

= 2

e :

zZ 0

2

time

(b) Robust solutions of different algorithms (fitness threshold = 50)

Fig. 7. Robust solutions of different algorithms under different fitness
threshold.

10000 1 ] v
S000

Objcctive function

0 revenue of RER
-5000 L . . L
0 50 100 150 200 250
- Iteration times
2 u
E 2 x 10
; 1.8 -
g 16 revenue of RF.AL
¥ ]
g 0 50 100 150 200 250
a Iteration times
=1 4
£ 4200
g 1. T T T
& revenue of LA
P 13 b
Z12 s s E
3 0 50 100 150 200 250

lleration times

Fig. 8. Convergence process of Stackelberg equilibrium.

Table 3

Benefits of each participant under different mode/¥.

Mode RER REA LA SESS
Mode 1 12,953.67 15,413.69 10,816.34 /

Mode 2 10,317.63 17,211.83 11,163.96 1,204.39
Mode 3 13,176.41 16,583.37 11,668.31 /

Mode 4 11,069.74 18,203.67 12,583.96 1,581.27

are higher than that without SESS, regardless of the type
of renewable energy uncertainty estimation method
adopted.

Furthermore, the benefit of RER decreases when the
REA is equipped with SESS. This is because in these
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Fig. 9. Benefits of each participant under different modes.

modes, the REA can deposit excess electricity into the
SESS in a more economical manner when the renewable
energy is abundant and can be extracted from the SESS
to provide it to RER at the peak of electricity price to
ensure that more benefits can be obtained.

5.2.3 Analysis of RER pricing strategy

Because the RER energy price is constrained by the
external energy prices, under this constraint, RER pro-
vides REA and LA with a more advantageous price for
purchasing and selling energy than EPG by rationally opti-
mizing its own price strategy. Here, we considered the
price of the electrical energy as an example, as shown in
Fig. 10 (a). Fig. 10 (a) shows that the RER performs price
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strategy planning within the envelope comprising the EPG
time-of-use prices. The trend of its energy price to LA is
similar to that of the EPG energy price, both of which
peak at 13:00-17:00 and 21:00-23:00. At this time, it is also
the peak of the LA power load and load game character-
istics. Similarly, two peaks of energy purchase price are
observed at 11:00-13:00 and 17:00-19:00, when the REA
renewable energy output is greater. It can be observed that
the RER appropriately increases the price of the energy
sales at the peak of the LA power load to earn more
income. Thus, LA obtains sufficient electricity to satisfy
its own requirements and increases the price of the energy
purchased when the REA renewable energy output is
large, which enables the REA to absorb renewable energy.
Therefore, under the framework of the game, the three can
achieve their own satisfactory results. The heat price anal-
ysis is similar to the electricity price, which is not presented
in this paper.

5.2.4 Analysis of LA load strategy

Based on the price strategy of the RER, LA adjusts its
own load curve, transfers part of the electric load at the
peak of power energy price to the period of low power
energy price and reduces the heat load at the peak of ther-
mal energy price, to satisfy its own energy requirements.
Fig. 11 depicts the game results, which indicate that the
peak value of the LA load curve after the bi-level game

2 T T T T

= = Electricity sale price of external grid

= = Electricity purchase price of external grid
¢ Electricity sale price of RER

o Electricity purchase price of RER

-
n
T

PEICE

o=
i

Electricity price/X
—
"

in

0 L L L L
5 10 15 20

Time/h

(a) Electricity price optimization result of RER

1 T T T T
= = Upper limit of heat energy price
- = Lower limit of heat energy price| |

08r -4 Heat sale price of RER
& —o— Heat purchase price of RER
206 1
'5- .. '?—'&—"4-...""0—0—“;- == '?"V"‘ '?"Q:.O"Q"" -,—'g— =/ = =)
= &es IO &t asy 0 b
=

o e
2 FS
T T
A d
o
@
i
1 E 1

Time/h
(b) Heat price optimization result of RER

Fig. 10. Pricing strategy optimization results of RER.

is reduced, the valley value is raised, and the energy con-
sumption curve is more stable. Considering the electric
load as an example, it can be observed that the peak value
of the LA electric load curve before the demand response
appears at 11:00-12:00 and 18:00-19:00. Because the REA
sells maximum energy during this period, the energy selling
price is greater. Through the game strategy, the LA trans-
fers the load during this time period to 01:00-06:00. The
lower energy selling price of EPG presents a lower energy
selling price of the RER. Consequently, the LA can obtain
sufficient energy at a lower price. Based on the above anal-
ysis, it can be observed that through the game process of
different energy traders, the energy side can reduce fluctu-
ations of the load curve, ensure daily load stability, and
improve the system stability to satisfy its own energy
demand.

5.2.5 Analysis of REA optimal scheduling strategy

The RER distributes the daily demand electric heating
load to each IEHS on average. Fig. 12 depicts the optimal
scheduling results of electricity and heat on a typical day of
the REA. It can be observed that considering the low-
carbon environmental protection and low-cost characteris-
tics of renewable energy, REA preferentially consumes its
own renewable energy. Simultaneously, the internal energy
interaction of multi-regional energy systems is more conve-
nient owing to the introduction of SESS. For instance,

1500 T T T T
= 1000
e%
—
2
S
&~ 500
-o -Electrical load of LA after DR optimization
—4—Electrical load of LA before DR optimization
0 n n n n
5 10 15 20
Time/h
(a) Electric load optimization result of LA
1500
= 1000
% IA— A A=A b A—Q h
g: ' \ X ;
S ] & Dy A
- 50015 \\ /I \h’
X
~-4 Heat load of LA after DR optimization
——Heat load of LA before DR optimization
0 . 1 N N
5 10 15 20
Time/h

(b) Heat load optimization result of LA

Fig. 11. Load strategy optimization results of LA.
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areas with abundant renewable energy can sell excess
energy to the EPG or store it near SESS. However, it
can be observed that for each IEHS, when its own renew-
able energy output is small, the REA must purchase the
missing power from the EPG. Fig. 12. (b) shows that to
improve their own income, they first choose to consume
renewable energy. This ensures that the heat energy is pri-
marily provided by the electric heating equipment, and
only a small part of the heat energy is provided by the
waste heat boiler.

6 Conclusion

With the increasing importance of IES in future power
systems, it is essential to consider multi-agent power mar-
ket in the presence of IES participation. The proposed bi-
level game model offers significant practical value by help-
ing decision makers analyze their respective strategic prob-
lems in multi-agent interaction. The main conclusions of
this study are as follows:

1) The components of modern power systems are fur-
ther improved by introducing SESS on the energy
supply side. Simultaneously, the introduction of
SESS can make the internal energy scheduling of
multi-energy system more economical, and the
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rational allocation of SESS can increase the overall
operating income of the energy supply system by
an average of 10.82 %.

2) For dynamic optimization problems, the ROOT-
GLHRS exhibits a better global optimization effect
when compared with other ROOT algorithms. For
different fitness thresholds, the average robustness
of the robust solution obtained by ROOT-GLHRS
is increased by 56.91 % and 68.54 % respectively,
and the running time is increased by 6.50 % and
5.93 %, respectively. When compared with PSO,
ROOT-GLHRS can increase the revenue of the
RER, REA, and LA by 7.29 %, 5.76 %, and
12.72 %, respectively, when optimizing the schedul-
ing of IES.

The interests of each participant are not limited to a sin-
gle aspect with the increasing number of participants in the
energy system. In future works, we aim to use ROOT-
GLHRS to solve the multi-pursuit problem under complex
conditions. Furthermore, we intend to analyze the role of
SESS in improving power quality.
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