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Abstract

To address the issues of benefit coordination and energy supply risk management in energy
trading between integrated energy parks and the main grid utility, this paper proposes
a bi-level game-based optimal scheduling model for the electricity–heat–hydrogen inte-
grated energy system considering energy supply risks. A bi-level game framework of the
integrated energy park (IEP), aggregator, and utility is firstly built, where the aggregator
acts as an intermediary coordination entity. The upper-level and lower-level game models,
the trading strategies between the aggregator and the utility, as well as the trading strate-
gies between the aggregator and the IEP, are, respectively, optimized after achieving the
equilibrium. Furthermore, a conditional value-at-risk (CVaR)-based energy supply risk
quantification model is introduced to characterize the operational risks caused by differ-
ences in traded energy quantities and then is incorporated into the proposed game-based
optimal scheduling model. Finally, a bi-level game-based optimal scheduling model of
the IEP, aggregator, and utility considering energy supply risk is proposed. Case studies
demonstrate that the proposed model can effectively reduce the operating cost of the
utility, reasonably allocate the benefit of the aggregator and the IEP, and can effectively bal-
ance energy supply risk and social welfare maximization of the electricity–heat–hydrogen
integrated energy system.

Keywords: integrated energy system; integrated energy park; energy trading; game theory;
energy supply risk

1. Introduction
As a carrier integrating electricity, heat, hydrogen, and other energy types, integrated

energy systems (IES) play an increasingly important role in the low-carbon transition of the
worldwide energy structure. As a typical representative of IES, integrated energy parks
(IEP) couple multiple forms of energy, such as electricity, heat, and hydrogen, by integrating
diverse energy conversion and consumption equipment to achieve economic operation
through multi-energy complementarity [1]. Moreover, IEPs can behave as energy suppliers,
flexibly providing multiple types of energy to the main grids [2,3]. However, IEPs generally
have their own economic interests that are not aligned with that of the main grid utility.
Therefore, balancing the interests of the main grid utility and the grid-connected IEPs
is important to promote the maximization of social welfare of the IES. Establishing an
effective energy trading mechanism between the main grid utility and the IEPs becomes
momentous to further promote the development of IES.
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In recent years, optimal operation of IEPs has been extensively studied. Reference [4]
proposed an optimal operation model for IEPs considering the coordination of multi-
timescale demand response. Reference [5] summarized the typical structures of electricity-
heat-gas IEPs and incorporated carbon trading mechanisms to take the impact of carbon
pricing on system operating costs into account. Reference [6] developed a three-stage
coordinated optimal operation model for green electricity trading among IEPs. Reference [7]
proposed refined models of diversified flexible resources on both the supply and demand
sides of IEPs. The aforementioned models focus more on the optimal operation of IEPs and
particularly their energy trading towards main grid utilities. The IEPs and the main grid
utility are usually coordinated in a centralized manner, which, on the one hand, neglects
the inconsistency of interests between the IEPs and the main grid utility, and on the other
hand, rarely addresses the issue of integrating multiple IEPs with their respective economic
objectives. To this end, some studies introduced aggregators as an intermediary layer to
facilitate the integration of IEPs and their coordination with the main grid utility [8].

The pricing mechanisms of energy trading between the main grid utility and IEPs
can generally be divided into two categories [9]: (1) the traditional time-of-use pricing
mechanism [10] and (2) the real-time pricing strategy considering demand response from
the IEPs [11–13]. However, these pricing mechanisms are all centralized and from the per-
spective of the main grid utility and thus unable to coordinate the benefit of different IEPs.
Game theory-based models that can describe strategic interactions among multiple partici-
pants and effectively coordinate the benefit allocation among different participants have
been extensively studied [14,15]. Reference [16] proposed a two-stage scheduling model for
IEPs based on a hybrid leader–follower cooperative game. Based on a cooperative game,
reference [17] developed an inter-district energy interaction model that explicitly captures
the economic incentives and cost-sharing relationships among districts, aiming to minimize
the economic cost and carbon emission. Considering the low-carbon goal, reference [18]
proposed an incentive mechanism based on an interactive game between electric vehi-
cles and the main grid to realize orderly charging and discharging of electric vehicles.
Reference [19] proposed a bi-level game model to promote the trading of renewable energy
certificate. Although above works have explored the benefit of coordinating IEPs, economic
interests of individual IEPs during the gaming process are usually considerably simplified.

Furthermore, in the coordinated scheduling of the IEPs and the main grid utility,
differences may exist between the energy demand of the main grid and the actual energy
supply from the IEPs. Such differences would compromise the economic efficiency of multi-
energy trading, increase the operational risk, and even threaten the safe operation of the
IES [20,21]. Existing works have extensively studied risk quantification, employing typical
methods, such as conditional value-at-risk (CVaR) theory [22–24], distributionally robust
programming [25], and information gap decision (IGDT) theory [26]. Reference [27] devel-
oped a CVaR-based holistic risk-aware bi-level optimization framework to analyze the im-
pact mechanisms of financial entities with varying risk preferences, particularly aggressive
bidding strategies, on day-ahead and real-time market clearing processes. Reference [28]
employed distributionally robust programming to characterize the stochastic nature of
renewable power generation and the fluctuation of load demand, thereby quantifying
real-time trading risks. Reference [29] developed a risk-constrained bidding strategy based
on IGDT to quantify trading risks induced by energy price uncertainty. However, current
risk quantification approaches mainly focus on the operational risks caused by multiple
uncertainties, while the risk introduced by energy supply differences have been relatively
less addressed. Moreover, for existing bi-level game frameworks, a notable gap remains in
applying CvaR theory to quantify the risks arising from energy supply deviations.
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To this end, focusing on electricity–heat–hydrogen IEP and the main grid utility,
this paper proposes a game-based optimal scheduling model that accounts for energy
supply risk. Aggregator is introduced as an intermediary layer to facilitate energy trading
between the IEPs and the main grid utility. On this basis, an IEP–aggregator–utility game
framework is firstly built, and a bi-level game-based optimal scheduling model is proposed.
Considering the energy supply differences between the main grid utility and the aggregator,
energy supply risk is further incorporated. Specifically, a CVaR-based energy supply risk
quantification method is developed and incorporated into the proposed bi-level game-
based optimal scheduling model, ultimately forming a game-based optimal scheduling
model of the IEP, aggregator, and utility considering energy supply risk.

The structure of this paper is organized as follows: Section 2 establishes the upper-level
and lower-level optimal scheduling models, respectively, focusing on aggregator–utility and
IEP–aggregator coordination. Section 3 develops an energy supply risk model based on the
CVaR theory and integrates it into the proposed IEP–aggregator–utility game framework.
Finally, Section 4 verifies the effectiveness of the proposed bi-level game-based optimal
scheduling method.

2. The Bi-Level Game-Based Optimal Scheduling Model
2.1. The Framework of the IEP–Aggregator–Utility Game

To address the challenges of coordinating the benefit allocation among IEPs and
facilitating their energy trading with the main grid utility, the aggregator is introduced
in this paper as an intermediary. On this basis, a bi-level IEP–aggregator–utility game
framework is proposed. The proposed framework involves three trading participants,
i.e., the main grid utility, the aggregator, and the IEP which conduct joint electricity, heat,
and hydrogen trading. The IEPs are directly connected to the main grid. The aggregator
acts as an intermediary to coordinate energy trading between the IEPs and the main grid
utility. The energy flow physically exists between the main grid utility and the IEPs, while
the aggregator coordinates their energy trading with price signals and energy trading
quantities. Each IEP integrates the production, storage, and utilization of electricity, heat,
and hydrogen. On the one hand, the IEP can sell its surplus energy to the utility through
the aggregator to increase its revenue. The main grid utility imports energy from the
upper-level energy network with a fixed price and trades with the aggregator based on
its offers. The aggregator, acting as an intermediary, strategically bids to the utility based
on the offers of IEPs and arbitrage from price differences. On the other hand, the IEP
can purchase energy from the utility through the aggregator when its internal energy
production is less than the demand. In this case, energy trading between the utility and
the aggregator, as well as between the IEP and the aggregator, are settled at the fixed price
from the upper-level grid, meaning neither the aggregator nor the main grid utility profits
from energy trading.

The structure of the bi-level game-based optimal scheduling model is illustrated
in Figure 1. The upper-level game model involves the aggregator and the main grid
utility, where, acting as the leader, the aggregator determines the trading prices with the
objective of maximizing its profit, while the utility, as the follower, minimizes its operating
cost and determines the corresponding energy trading quantities based on the trading
prices. The lower-level game model involves the IEPs and the aggregator. The IEPs, as the
leader, determine the trading prices to maximize their selling revenues and the aggregator
determines the energy trading quantities to maximize its profit as the follower. The upper-
level game model is firstly solved by estimating the results of the lower-level model, and
then the trading results between the aggregator and the main grid utility are passed to the
lower-level game model. After the lower-level game model is solved with equilibrium, the
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trading results between the IEPs and the aggregator are fed back to the upper-level model
to update the relevant settings. The two models are solved iteratively until the equilibrium
results of the two levels converge.

IEP

IEP

IEP

AggregatorMain grid utility

Trading prices

The upper-level stackelberg game

Leader: Aggregator
Follower: Main grid utility

The lower-level stackelberg game

Leader: IEPs
Follower: Aggregator

Energy flow

...

The upper-level 
trading results

The lower-level 
trading results

Trading quantity of energy  

Figure 1. The structure of the bi-level game-based optimal scheduling model.

2.2. The Upper-Level Game Model
2.2.1. The Scheduling Model of the Main Grid

The main grid utility imports a partial amount of electricity, heat, and hydrogen energy
from the upper-level energy network and trades the remaining energy with the aggregator.
The objective of the main grid utility is to minimize its operating cost, which includes the
costs associated with electricity Felectricity, heat Fheat, and hydrogen Fhydrogen, as expressed
in (1)–(4). The operating cost consists of the energy purchase cost from the aggregator,
the revenue from selling energy to the aggregator, and the energy purchase cost from the
upper-level energy network. It is worth noting that the energy selling prices of the main
grid utility to the aggregator are same as the trading prices between the upper-level energy
network and the main grid utility. In other words, the main grid utility does not profit from
selling energy to the aggregator.

min
(

Felectricity + Fheat + Fhydrogen
)

(1)

Felectricity = ∑
t

(
cp

t · PA,in
t − λ

p
t · PA,out

t + λ
p
t · ∑

z
Pzt

)
(2)

Fheat = ∑
t

(
ch

t · HA,in
t − λh

t · HA,out
t + λh

t · ∑
g

Hgt

)
(3)

Fhydrogen = ∑
t

(
cu

t · UA,in
t − λu

t · UA,out
t + λu

t · ∑
o

Uot

)
(4)

The energy balance constraints of the main grid are given as in (5)–(7), respectively
representing the electric active power balance (5), heat power balance (6), and hydrogen
power balance (7). For the main grid, the sum of electricity, heat, and hydrogen energy
purchased from the upper-level energy network and from the aggregator should be equal
to the sum of the energy sold to the aggregator, energy transmission loss, and load demand.

∑
z∈Ω(j)

Pzt + PA,in
t − PA,out

t − Ploss
t = ∑

j
Pload

jt (5)

∑
g∈H(p)

Hgt + HA,in
t − HA,out

t − Hloss
t = ∑

p
Hload

pt (6)
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∑
o∈U(u)

Uot + UA,in
t − UA,out

t − Uloss
t = ∑

u
Uload

ut (7)

In addition, for the main grid, its energy trading with the aggregator should satisfy
constraints (8) and (9), which specify the maximum energy trading quantity and avoid
simultaneous energy purchasing and selling.

0 ≤ PA,in
t ≤ PA,in,max

t · Ip,in
t

0 ≤ HA,in
t ≤ HA,in,max

t · Ih,in
t

0 ≤ UA,in
t ≤ UA,in,max

t · Iu,in
t

(8)


0 ≤ PA,out

t ≤ PA,out,max
t ·

(
1 − Ip,in

t

)
0 ≤ HA,out

t ≤ HA,out,max
t ·

(
1 − Ih,in

t

)
0 ≤ UA,out

t ≤ UA,out,max
t ·

(
1 − Iu,in

t

) (9)

2.2.2. The Scheduling Model of the Aggregator in the Upper-Level Game Model

In the upper-level game model, the aggregator acts as the leader and determines the
trading prices (cp

t , ch
t , cu

t ) with the main grid utility to maximize its own profit. The objective
function, as expressed in Equations (10) and (11), includes the revenue from selling energy
to the utility, the cost of purchasing energy from the IEPs, the cost of purchasing energy
from the utility, and the revenue from selling energy to the IEPs. It is worth noting that the
aggregator, similarly to the utility, does not profit by selling energy to IEPs, and thus the
energy selling prices of the aggregator to the IEPs are same as the trading prices between
the upper-level energy network and the utility.

In the upper-level game model, the aggregator functions purely as a trading interme-
diary that aggregates IEPs’ bids without engaging in physical connection and energy flows.
Therefore, it is not subject to energy flow constraints and simply maximizes its own profit.
Therefore, its scheduling model does not include additional operational constraints.

maxFA,up = ∑
t

RA
t (10)

RA
t = cp

t · PA,in
t + ch

t · HA,in
t + cu

t · UA,in
t − ∑

v

(
cp

vt · PA,in
vt + ch

vt · HA,in
vt + cu

vt · UA,in
vt

)
+∑

v

(
λ

p
t · PA,out

vt + λh
t · HA,out

vt + λu
t · UA,out

vt

)
− λ

p
t · PA,out

t − λA,out
t · HA,out

t − λu
t · UA,out

t

(11)

2.3. The Lower-Level Game Model
2.3.1. The Scheduling Model of the IEP

As shown in Figure 2, the IEP coordinates its internal equipment, including PV, WT,
CSP, CHP, EB, EC, HFC, and ES, to achieve the economic production and consumption
of electricity, heat, and hydrogen. The surplus or deficit of energy is balanced through
energy trading with the aggregator. When energy production of the internal equipment,
such as WT, PV, and CSP, exceed the demand of the IEP, the surplus energy can be sold
to the aggregator to increase its revenue or offset operating cost. Conversely, when the
internal energy production is less than the demand, the IEP can purchase energy from
the aggregator.

In the lower-level game model, the IEP acts as the leader and trades energy to the
aggregator with the objective of revenues maximization. The objective function is expressed
as in (12)–(15), including the revenue from selling energy to the aggregator (13), the cost of
purchasing energy from the aggregator (14), and the operating cost of the IEP (15) and (16).
The operating cost primarily consists of the fuel cost of the CHP unit. It is worth noting
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that the CHP fuel cost covers both the energy used to meet the internal demand of the IEP
and the energy sold externally. In this model, a portion factor αvt is used to allocate the
operating cost proportionally to the traded energy quantity.

WTPVCSP

CHP

ES

EB EC HFC Electric load

Heat load

Hydrogen load

Main grid utility 

Electric power flow

Heat power flow

Hydrogen power flow

IEP

Figure 2. The structure of the IEP.

maxFpark = ∑
v

∑
t

(
Rvt − Cvt − Copt

vt

)
(12)

Rvt = cp
vt · PA,in

vt + ch
vt · HA,in

vt + cu
vt · UA,in

vt (13)

Cvt = λ
p
t · PA,out

vt + λh
t · HA,out

vt + λu
t · UA,out

vt (14)

Copt
vt = αvt · cfuel · ∑

a
(F(Pav,t) + SUav,t + SDav,t) (15)

αvt = PA,in
vt /(Pld

vt + PA,in
vt ) (16)

The operational constraints of the IEP mainly include the energy balance constraints and
the operational constraints of equipment, such as CHP, PV, WT, CSP, EB, EC, HFC, and ES.

1. Energy balance constraints

The electricity, heat, and hydrogen power balance are enforced with (17)–(19). For
IEP v, the total power production of energy generating equipment, such as WT, PV, CHP,
and CSP, and the power purchased from the aggregator should be equal to the sum of the
power consumed by energy consuming equipment, such as EB and EC, the power sold to
the aggregator, and the load demand. Considering the current immaturity and high capital
cost of hydrogen storage and conversion technologies, this paper assumes no hydrogen
load in the IEPs.

∑
a

Pav,t + ∑
w

(
Pwv,t − Pcur

wv,t

)
+ ∑

s

(
Psv,t − Pcur

sv,t

)
+ ∑

b
Pbv,t + ∑

y
Pyv,t + ∑

c
Pdis

cv,t

= ∑
c

Pcha
cv,t + PA,in

vt − PA,out
vt + Pld

vt + ∑
e

Pev,t + ∑
f

Pf v,t
(17)

∑
a

Hav,t + ∑
e

Hev,t + ∑
b

Hbv,t + ∑
y

Hyv,t + ∑
r

Hdis
rv,t = ∑

r
Hcha

rv,t + HA,in
vt − HA,out

vt + Hld
vt (18)

∑
f

U f v,t = ∑
y

Ucha
yv,t + UA,in

vt − UA,out
vt (19)

2. Constraints of equipment

• The constraints of CHP
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The CHP unit consists of a micro gas turbine and an absorption chiller, and the
relationship between electric power and heat power production is expressed as in (20).

Hav,t = ηh
av · COPh

av · Pav,t ·
(

1 − ηMT
av − ηL

av

)
/ηMT

av (20)

The CHP unit should satisfy the output limit constraint (21), ramping constraint (22),
minimum ON/OFF time constraint (23), and start-up/shut-down energy consumption
constraint (24).

Pmin
av · Iav,t ≤ Pav,t ≤ Pmax

av · Iav,t (21){
Pav,t − Pav,t−1 ≤ Pmax

av · (1 − Iav,t) + SUR
av · Iav,t−1 + Pmin

av · (Iav,t − Iav,t−1)

Pav,t−1 − Pav,t ≤ Pmax
av · (1 − Iav,t−1) + SDR

av · Iav,t + Pmin
av · (Iav,t−1 − Iav,t)

(22)

 (Iav,t−1 − Iav,t) ·
(

Xon
av,t−1 − Ton

av

)
≥ 0

(Iav,t − Iav,t−1) ·
(

Xoff
av,t−1 − Toff

av

)
≥ 0

(23)

{
SUav,t ≥ suav · (Iav,t − Iav,t−1), SUav,t ≥ 0
SDav,t ≥ sdav · (Iav,t−1 − Iav,t), SUav,t ≥ 0

(24)

• The constraints of CSP

The CSP unit consists of three components: a solar concentrating and heat collection
unit, a heat ES, and an electric power production unit. The solar-to-heat conversion
constraint of the heat collection unit is shown as in (25). The power balance of the heat ES is
enforced by (26), and the relationship between electric power and heat power production is
described by (27). The operational constraints of the heat ES are shown as in (28), including
the charging/discharging rate constraint and the charging/discharging state constraint.

HSF
bv,t = ηs−h

bv · SSF · Dbt (25)

HSF
bv,t = Hbv,t + HTS,cha

bv,t − ηdis
bv · HTS,dis

bv,t + HSF,loss
bv,t (26)

Pbv,t = ηh−e
bv ·

(
Hbv,t + ηdis

bv · HTS,dis
bv,t

)
(27)

HTS,cha,min
bv · Icha

bv,t ≤ HTS,cha
bv,t ≤ HTS,cha,max

bv · Icha
bv,t

HTS,dis,min
bv · Idis

bv,t ≤ HTS,dis
bv,t ≤ HTS,dis,max

bv · Idis
bv,t

Icha
bv,t + Idis

bv,t ≤ 1
(28)

Similarly to the CHP unit, for the CSP, ramping constraint, as shown in (29), are included.{
Pbv,t − Pbv,t−1 ≤ Pmax

bv · (1 − Ibv,t) + SUR
bv · Ibv,t−1 + Pmin

bv · (Ibv,t − Ibv,t−1)

Pbv,t−1 − Pbv,t ≤ Pmax
bv · (1 − Ibv,t−1) + SDR

bv · Ibv,t + Pmin
bv · (Ibv,t−1 − Ibv,t)

(29)

• The constraints of EB

The working principle of the EB is to generate heat through electrical resistance, e.g.,
metal heating tubes, or electromagnetic induction, e.g., electromagnetic boilers, when
energized. The relationship between its electric power consumption and heat power
production is expressed as in (30).

Hev,t = ηe−h
ev · Pev,t (30)

The output limit of the EB is given as in (31), and the ramping ability of EB is limited by (32).

Hmin
ev · Iev,t ≤ Hev,t ≤ Hmax

ev · Iev,t (31)
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{
Hev,t − Hev,t−1 ≤ Hmax

ev · (1 − Iev,t) + SUR
ev · Iev,t−1 + Hmin

ev · (Iev,t − Iev,t−1)

Hev,t−1 − Hev,t ≤ Hmax
ev · (1 − Iev,t−1) + SDR

ev · Iev,t + Hmin
ev · (Iev,t−1 − Iev,t)

(32)

• The constraints of EC

The EC is currently the most mature and widely commercialized technology for
hydrogen production via water electrolysis. Its electricity-to-hydrogen conversion can be
modeled with (33), and its electric power consumption is limited by (34).

U f v,t = ηH2
f v · Pf v,t (33)

Pmin
f v · I f v,t ≤ Pf v,t ≤ Pmax

f v · I f v,t (34)

• The constraints of HFC

The HFC can directly and efficiently convert the chemical energy of hydrogen and
oxygen into electric power. It mainly consists of a fuel cell, a hydrogen ES, and a heat
exchange unit. The power conversion relationships between hydrogen, electricity, and heat
in the fuel cell are expressed as in (35) and (36).

Pyv,t = ηu−e
yv · Udis

yv,t (35)

Hyv,t = ηu−h
yv · Udis

yv,t (36)

The constraints of the hydrogen ES include the capacity constraint (37), the hy-
drogen charging/discharging rate constraints (38) and (39), and the hydrogen charg-
ing/discharging state constraint (40).

Syv,t = Syv,t−1 + Ucha
yv,t − Udis

yv,t (37)

0 ≤ Ucha
yv,t ≤ Ucha,max

yv · Icha
yv,t (38)

0 ≤ Udis
yv,t ≤ Udis,max

yv · Idis
yv,t (39)

Idis
yv,t + Icha

yv,t ≤ 1 (40)

• The constraints of ES

The ES consists of electricity and heat energy storage. The operational constraints of
electrical ES include the capacity constraints (41) and (42), the charging/discharging rate
constraints (43) and (44), and the charging/discharging state constraint (45). Similarly to
the electrical ES, the operational constraint of heat ES is given in Equation (46).

Scv,t = Scv,t−1 + Pcha
cv,t · ηPS,cha

cv − Pdis
cv,t/ηPS,dis

cv (41)

Smin
cv ≤ Scv,t ≤ Smax

cv (42)

0 ≤ Pcha
cv,t ≤ Icha

cv,t · Pcha,max
cv (43)

0 ≤ Pdis
cv,t ≤ Idis

cv,t · Pdis,max
cv (44)

Icha
cv,t + Idis

cv,t ≤ 1 (45)

Srv,t = Srv,t−1 + Hcha
rv,t · ηHS,cha

rv − Hdis
rv,t/ηHS,dis

rv

Smin
rv ≤ Srv,t ≤ Smax

rv
0 ≤ Hcha

rv,t ≤ Icha
rv,t · Hcha,max

rv

0 ≤ Hdis
rv,t ≤ Idis

rv,t · Hdis,max
rv

Icha
rv,t + Idis

rv,t ≤ 1

(46)
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2.3.2. The Scheduling Model of the Aggregator in the Lower-Level Game Model

In the lower-level game model, the aggregator acts as the follower and conducts energy
trading with the IEPs for maximizing its profit. The objective function is consistent with that
in the upper-level game model, as shown in (10). The aggregator considers the operational
constraints of the main grid to reasonably determine the energy trading quantities with the
IEPs. The operational constraints of the electric main grid include the active and reactive
power balance constraints (47) and (48), reactive power compensation constraint (49), power
flow constraints (50) and (53), and power flow loss constraints (54) and (55). In this paper, the
electric power flow of the main grid is modeled using the DistFlow model [30].

∑
z∈Ω(j)

Pzt + ∑
v∈Ω(j)

(
PA,in

vt − PA,out
vt

)
+ Pij,t − Ploss

ij,t − ∑
k∈Ω(j)

Pkj,t = Pload
jt (47)

∑
z∈Ω(j)

Qzt + Qcon
jt + Qij,t − Qloss

ij,t − ∑
k∈Ω(j)

Qkj,t = Qload
jt (48)

0 ≤ Qcon
jt ≤ Qcon,max

j (49)

V2
it = V2

jt − 2 ·
(

Pij,t · Rij + Qij,t · Xij
)
+ I2

ij,t ·
(

R2
ij + X2

ij

)
(50)

(
2 · Pij,t

)2
+
(
2 · Qij,t

)2
+
(

I2
ij,t − V2

jt

)2
≤
(

I2
ij,t + V2

jt

)2
(51)(

Vmin
j

)2
≤ V2

jt ≤
(

Vmax
j

)2
(52)(

Imin
ij

)2
≤ I2

ij,t ≤
(

Imax
ij

)2
(53)

Ploss
ij,t = I2

ij,t · Rij (54)

Qloss
ij,t = I2

ij,t · Xij (55)

The heat operational constraints of main grid include the power balance constraint
(56) and the pipeline flow constraints (57) and (58). The heat flow loss is correlated with the
supply water temperature of pipeline Tsw.

∑
g∈H(p)

Hgt + ∑
v∈H(p)

(
HA,in

vt − HA,out
vt

)
+ ∑

q∈H(p)
(Hqp,t − Hloss

qp,t )− ∑
h∈H(p)

Hph,t = Hload
pt (56)

Hmin
qp ≤ Hqp,t ≤ Hmax

qp (57)

Hloss
qp,t = 2 · π · Lqp

Tsw − Te

∑ R
(58)

In this paper, the hydrogen main grid is built by HTTs. Each node represents a
hydrogen refueling station capable of hydrogen ES charging and discharging. The hydrogen
operational constraints include the power balance constraint (59) and the HTT operational
constraints (60)–(62). Constraint (60) ensures that each node is served by only one HTT at
any given time. Constraint (61) represents the operational state of the hydrogen ES within
the HTT. Constraint (62) calculates the hydrogen flow loss of the main grid based on the
pressure difference between the hydrogen ES and the node’s refueling station.

∑
o∈U(u)

Uot + ∑
v∈U(u)

(
UA,in

vt − UA,out
vt

)
+ ∑

m∈U(u)

(
Uout

mu,t − Uin
mu,t − Uloss

mu,t

)
= Uload

ut (59)

∑
u

Imu,t = 1 (60)
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
0 ≤ Uin

mu,t ≤ Iin
mu,t · Uin,max

m

0 ≤ Uout
mu,t ≤ Iout

mu,t · Uout,max
m

0 ≤ Iout
mu,t + Iin

mu,t ≤ Imu,t

(61)

Uloss
mu,t = ηloss

m · Uout
mu,t (62)

2.4. The Solving Process

The proposed bi-level game-based optimal scheduling model of the IEP, aggregator,
and utility can be solved through iteratively solving the upper-level and lower-level game
models. In the upper-level and lower-level game models, the energy trading quantities
and the trading prices are both variables to be optimized, while their product term in the
objective functions introduces nonlinearity and complicates the solving process. The parti-
cle swarm optimization (PSO) algorithm, characterized by its memory and evolutionary
capabilities, can effectively retain both the local and global optimal solutions of all particles
during the iterative process. This feature allows it to accurately simulate the interactive
behavior in the game process. Therefore, in this paper, the PSO algorithm is employed to
iteratively solve both the upper-level and lower-level game models.

In the proposed model, the costs associated with electricity, heat, and hydrogen energy
flow losses are borne by the aggregator. Since the energy flow losses of the main grid are
not explicitly calculated in the upper-level game model, the energy flow losses are treated
as estimated values in the upper-level game model. In the lower-level game model, the
aggregator determines its actual energy trading quantities with each IEP based on the
trading quantities determined by the upper-level game model and the estimated energy
losses. As shown in (63), χ

p
t represents the difference between the estimated electricity

trading quantity derived from the upper-level game model and the actual electricity trading
quantity in the lower-level game model. When χ

p
t is larger than 0, the actual electricity

trading quantity between the aggregator and the IEPs is higher than the estimated value,
and thus the estimated electricity trading quantity needs to be corrected. Conversely,
χ

p
t ≤ 0 suggests that the estimated electricity trading quantity is excessive, meaning the

IEPs cannot meet the electricity trading quantity set by the aggregator.

PA,in
t − PA,out

t − PA,loss
t + χ

p
t = ∑

v

(
PA,in

vt − PA,out
vt

)
(63)

Similarly, in the heat and hydrogen energy trading, the aggregator also needs to allocate its
actual energy trading quantities with each IEP based on the estimated energy trading quantities, as
shown in (64) and (65). Auxiliary variables χh

t and χu
t are introduced to represent the differences

between the actual and estimated energy trading quantities of the aggregator with the IEPs.

HA,in
t − HA,out

t − HA,loss
t + χh

t = ∑
v

(
HA,in

vt − HA,out
vt

)
(64)

UA,in
t − UA,out

t − UA,loss
t + χu

t = ∑
v

(
UA,in

vt − UA,out
vt

)
(65)

In the lower-level game model, the aggregator determines its actual energy trading
quantities with IEPs based on the trading quantities with the utility determined in the upper-
level game model. The actual value of energy flow losses is then calculated and fed back to
the upper-level game model for iterative correction until the estimated energy flow losses
in the upper-level game model converge to the actual energy flow losses in the lower-level
game model. At this point, the difference between the actual and estimated energy trading
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quantities approaches zero, and the aggregator’s objective function value in the upper-level
game model becomes consistent with that in the lower-level game model, as in (66)–(69).∣∣∣FA,up − FA,low

∣∣∣ ≤ ε (66)

∣∣∣χp
t

∣∣∣ ≤ ε (67)∣∣∣χh
t

∣∣∣ ≤ ε (68)

|χu
t | ≤ ε (69)

The iterative solving process of the proposed bi-level game-based optimal scheduling
model of the IEP, aggregator, and utility is illustrated in Figure 3.
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Figure 3. The iterative solving process of the proposed bi-level game-based optimal scheduling model.

3. The Bi-Level Game-Based Optimal Scheduling Model Considering
Energy Supply Risk

In the upper-level game model, the main grid utility trades electricity, heat, and
hydrogen with the aggregator, while the actual energy supply is provided by the IEPs.
However, considering the variability of operating conditions, the IEPs may fail to deliver
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the contracted trading quantities determined by the main grid utility and the aggregator,
which potentially poses risks to the secure operation of the main grid. To this end, a CVaR
based energy supply risk model is developed to quantify and constrain the risk associated
with energy trading between the aggregator and the main grid utility.

3.1. Energy Supply Risk Model

In the upper-level game model, the utility should fully consider the energy supply
risk when determining the electricity, heat, and hydrogen energy trading quantities with
the aggregator. In this section, the energy supply risk is quantified and constrained based
on the sample average approximation method and the CVaR theory.

3.1.1. Energy Supply Difference Scenario Generation

To begin with, the scenario generation approach is applied to construct the energy
supply difference scenarios. The generation of electricity supply differences are enabled and
constrained by (70)–(74). Specifically, (70) and (71) define the constraints for negative difference
scenarios, while (72) and (73) describe the constraints for positive difference scenarios.

It is assumed that most differences are limited within a specified range, [1 − α, 1 + α],
as shown in (70) and (72), and a limited number of scenarios exhibit larger fluctuations
beyond this range, as shown in (71) and (73). In addition, (75) limits the number of large-
difference scenarios using a threshold parameter, and (76) guarantees that the generated
energy supply difference scenarios approximately conform to a normal distribution.

−
(

1 − δ
p1
ωt

)
· M + (1 − α) · PA,0

t ≤ PA,in
ωt ≤ PA,0

t − ε +
(

1 − δ
p1
ωt

)
· M (70)

PA,in
ωt ≤ (1 − α) · PA,0

t +
(

1 − δ
p2
ωt

)
· M (71)

−
(

1 − δ
p3
ωt

)
· M + PA,0

t + ε ≤ PA,in
ωt ≤ (1 + α) · PA,0

t +
(

1 − δ
p3
ωt

)
· M (72)

PA,in
ωt ≥ (1 + α) · PA,0

t −
(

1 − δ
p4
ωt

)
· M (73)

δ
p1
ωt + δ

p2
ωt + δ

p3
ωt + δ

p4
ωt = 1 (74)

Nω

∑
ω

(
δ

p2
ωt + δ

p4
ωt

)
≤ (1 − β) · Nω (75)


∑
ω

PA,in
ωt = Nω · PA,0

t

∑
ω

(
PA,in

ωt − PA,0
t

)2
= Nω

(76)

Similarly, the scenario generation constraints for heat energy are given as in (77) and
(78), and those for hydrogen energy are given as in (79) and (80).

−
(
1 − δh1

ωt
)
· M + (1 − α) · HA,0

t ≤ HA,in
ωt ≤ HA,0

t − ε +
(
1 − δh1

ωt
)
· M

−
(
1 − δh2

ωt
)
· M + HA,0

t + ε ≤ HA,in
ωt ≤ (1 + α) · HA,0

t +
(
1 − δh2

ωt
)
· M

HA,in
ωt ≥ (1 + α) · HA,0

t −
(
1 − δh3

ωt
)
· M

HA,in
ωt ≤ (1 − α) · HA,0

t +
(
1 − δh4

ωt
)
· M

δh1
ωt + δh2

ωt + δh3
ωt + δh4

ωt ≤ 1
Nω

∑
ω

(
δh3

ωt + δh4
ωt
)
≤ (1 − β) · Nω

(77)


∑
ω

HA,in
ωt = Nω · HA,0

t

∑
ω

(
HA,in

ωt − HA,0
t

)2
= Nω

(78)
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

−
(
1 − δu1

ωt
)
· M + (1 − α) · UA,0

t ≤ UA,in
ωt ≤ UA,0

t − ε +
(
1 − δu1

ωt
)
· M

−
(
1 − δu2

ωt
)
· M + UA,0

t + ε ≤ UA,in
ωt ≤ (1 + α) · UA,0

t +
(
1 − δu2

ωt
)
· M

UA,in
ωt ≥ (1 + α) · UA,0

t −
(
1 − δu3

ωt
)
· M

UA,in
ωt ≤ (1 − α) · UA,0

t +
(
1 − δu4

ωt
)
· M

δu1
ωt + δu2

ωt + δu3
ωt + δu4

ωt ≤ 1
Nω

∑
ω

(
δu3

ωt + δu4
ωt
)
≤ (1 − β) · Nω

(79)


∑
ω

UA,in
ωt = Nω · UA,0

t

∑
ω

(
UA,in

ωt − UA,0
t

)2
= Nω

(80)

3.1.2. CvaR-Based Energy Supply Risk Quantification

CVaR is a widely adopted metric for risk assessment [31]. Based on the CVaR theory,
an energy supply risk quantification method is developed in this paper. For Nω generated
energy supply difference scenarios, the supply risks of electricity Fp, heat Fh, and hydrogen
Fu are calculated with (81), where function [·]+ extracts the positive differences between
the actual traded and the contracted energy quantities in each scenario. Moreover, the
probability density function of the supply difference is discretized to Nω equiprobable
scenarios from which the tail risk of the difference quantities at a confidence level βCVaR

can be derived. 
Fp = η

p
t +

1
Nω · (1 − βCVaR)

∑
ω

[
PA,in

ωt − PA,0
t − η

p
t

]+
Fh = ηh

t +
1

Nω · (1 − βCVaR)
∑
ω

[
HA,in

ωt − HA,0
t − ηh

t

]+
Fu = ηu

t +
1

Nω · (1 − βCVaR)
∑
ω

[
UA,in

ωt − UA,0
t − ηu

t

]+ (81)

To overcome the non-smoothness of function [·]+, auxiliary variables are intro-
duced to simplify the formulation, as shown in (82). The estimated energy supply risk
Fp, Fh, Fu can then be reformulated as in (83). Consequently, the overall energy supply risk
Fp, Fh, Fu can be constrained within a specified range by setting appropriate risk thresholds
γp,CVaR, γh,CVaR, γu,CVaR.

The risk thresholds, γp,CVaR, γh,CVaR, γu,CVaR, represent the tolerance levels for the
energy supply risk. A higher threshold implies larger acceptable energy supply differences
and potentially leads to a lower operating cost. By contrast, a lower threshold imposes
stricter requirements, forcing the main grid utility to keep the energy supply risk at a low
level. In this case, the utility would adopt more conservative trading strategies, such as
purchasing additional energy from the upper-level energy network, which is more reliable
but relatively expensive. 

up
ωt ≥ PA,in

ωt − PA,0
t − η

p
t , up

ωt ≥ 0
uh

ωt ≥ HA,in
ωt − HA,0

t − ηh
t , uh

ωt ≥ 0
uu

ωt ≥ UA,in
ωt − UA,0

t − ηu
t , uu

ωt ≥ 0
(82)



η
p
t +

∑
ω

up
ωt

Nωt · (1 − βCVaR)
≤ γp,CVaR

ηh
t +

∑
ω

uh
ωt

Nω · (1 − βCVaR)
≤ γh,CVaR

ηu
t +

∑
ω

uu
ωt

Nω · (1 − βCVaR)
≤ γu,CVaR

(83)
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3.2. Integrating Energy Supply Risk into the Bi-Level Game Model

In this subsection, building upon the bi-level game-based optimal scheduling model,
the energy supply risk is incorporated. In the upper-level model, the energy trading
strategies of both the aggregator and the utility are influenced by the energy supply risk.
For the main grid utility, it is essential to balance the economic advantages offered by
aggregators against the potential risks associated with energy supply. This trade-off is
quantified through the CVaR-based constraint, as in Section 3.1. In the lower-level model,
the energy trading strategies of the aggregator and IEPs will also be influenced by the
trading results determined in the upper-level game model.

3.2.1. The Upper-Level Game Model Considering the Energy Supply Risk

In the upper-level game model, the main grid utility is the follower and minimizes
its operating cost considering energy supply risk. The corresponding objective function
and constraints under each energy supply difference scenario are formulated as in (1)–(9)
and can be further extended to integrate multiple scenarios. The energy supply difference
scenario constraints are presented as in (70) and (80), and the energy supply risk constraints
are specified as in (82) and (83). The model then can be formulated in a compact form
(84). In (84), G, H, L, a, and b are coefficient matrices and vectors in the objective and the
constraints; β and γ respectively denote the confidence level and the risk threshold of the
energy supply risk. 

minE
ω

(
aTx + bTyω

)
s.t. G(x) ≤ 0

H(x, yω, ξω) ≤ 0
CVaRβ[L(x, yω, ξω)] ≤ γ

(84)

As the leader in the upper-level game model, the aggregator determines the electricity,
heat, and hydrogen energy trading prices cp

t , ch
t , cu

t with the main grid utility. The aggregator
aims to maximize its profit, without considering operational constraints. The objective
function of the aggregator under each energy supply difference scenario is formulated as
in (10) and (11) and can be further extended as in (85) considering multiple scenarios. In
(85), c and d denote coefficient vectors of the objective.

maxFA,up = E
ω

(
cTx + dTyω

)
(85)

3.2.2. The Lower-Level Game Model Considering the Energy Supply Risk

In the lower-level game model, the aggregator acts as the follower and adopts the
same objective as in the upper-level game model, determining the electricity, heat, and
hydrogen energy trading quantities with each IEP. Unlike in the upper-level game model,
the lower-level game model requires the aggregator to consider operational constraints
of the main grid, as specified in (47)–(62). The scheduling model of the aggregator in the
lower-level game model can be written in a compact form (86). In (86), J and K denote
coefficient matrices of the objective and the constraints.

max
(
cTx + dTy

)
s.t. J(x) ≤ 0

K(x, y) ≤ 0
(86)

As the leader in the lower-level game model, each IEP determines the electricity, heat,
and hydrogen energy trading prices, cp

vt, ch
vt, cu

vt, with the aggregator. According to the
energy trading quantities set by the aggregator, the IEP coordinates its internal equipment
to maximize its revenue while maintaining production–consumption balance. The optimal
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scheduling model of the IEP in the lower-level game model is formulated as in (12)–(46)
and can be written in a compact form (87). In (87), M, N, e, and f , respectively, denote
coefficient matrices and vectors in the objective and the constraints.

max
(
eTx + f Ty

)
s.t. M(x) ≤ 0

N(x, y) ≤ 0
(87)

4. Case Study
In this paper, case studies are conducted with an integrated energy system consisting

of a modified 33-node electric distribution grid, a 16-node heat grid, and a 9-node hydrogen
grid. Three IEPs are connected to the main grid, and the structure is shown in Figure 4. The
electric, heat, and hydrogen grids are, respectively, connected to the upper-level energy
networks through nodes 1, 34, and 49.
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24 2523

7 8 9 10 12 13 14 15 16 17 18
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5354
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43 IEP2 IEP3

Electricity grid vertices and edges Heat grid vertices and edges
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36

3

38

6

40

11

IEP1

Figure 4. The configuration of the test system.

The connected nodes of the three IEPs are detailed as the following:
IEP 1 is connected to node 3 of the electric grid, node 36 of the heat grid, and node 57

of the hydrogen grid.
IEP 2 is connected to node 6 of the electric grid, node 38 of the heat grid, and node 55

of the hydrogen grid.
IEP 3 is connected to node 11 of the electric grid, node 40 of the heat grid, and node 52

of the hydrogen grid.
The internal equipment configurations of the three IEPs are listed in Table 1. IEP 1 is

equipped with WT, PV, and CSP units, enabling it to maintain relatively stable renewable
power generation under varying weather conditions and provide a certain degree of flexi-
bility. IEP 2 is equipped only with WT, representing the typical operational characteristics
of a wind power park. IEP 3 relies on PV and CSP units, making full use of solar energy
during daytime hours.

Table 1. Configurations of IEPs.

Park ID

Equipment
Capacity

CHP WT PV CSP EB EC HFC ES

1 2.0 MW
√ √

1.3 MW 1.7 MW 0.8 MW 0.8 MW 2 MW
2 2.0 MW

√
× × 1.8 MW 0.7 MW 0.9 MW 2.5 MW

3 2.0 MW ×
√

1.3 MW 1.9 MW 0.9 MW 0.8 MW 2 MW
√

/× indicates whether the IEP is equipped with this type of equipment.
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The load curves, including electric active power, electric reactive power, heat power,
and hydrogen power, of the main grid, are shown in Figure 5, and the electricity and heat
load curves of the three IEPs are illustrated in Figure 6.
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Figure 5. Load curves of the main grid.
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Figure 6. (a) Electric active power load curves of the IEPs, (b) Heat load curves of the IEPs.

The PSO algorithm is applied to solve the upper-level and lower-level game models.
The swarm size is set as 20. The maximum iteration count is set as 100. The inertia
coefficients are set as 0.4 and 0.9. The learning factors are configured as 2.0. Taking the
upper-level game as an example, the iterative process of the aggregator’s objective is shown
in Figure 7. It can be observed that the results show improved convergence performance.
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Figure 7. The aggregator’s objective in the upper-level game model in the iterative process.

4.1. The Results of the IEP–Aggregator–Utility Bi-Level Game

Based on the proposed IEP–aggregator–utility game framework, the bi-level game-
based optimal scheduling model can be solved, and the optimal scheduling of the IEPs,
the aggregator, and the main grid utility are obtained. The electricity, heat, and hydrogen
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energy trading quantities between the main grid utility and the aggregator, as well as
the corresponding prices, are shown in Figure 8. The electricity trading quantities and
corresponding prices between the aggregator and the IEPs are shown in Figure 9.
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Figure 8. Trading results between the main grid utility and the aggregator. (a) Electricity trading
results; (b) heat energy trading results; (c) hydrogen energy trading results.

 

Figure 9. Electricity trading results between the aggregator and the IEPs.

As shown in Figure 8a, the electricity trading between the main grid utility and the
aggregator exhibits a clear interaction with the trading price and the trading quantity.
Specifically, when the electricity trading price between the main grid utility and the aggre-
gator is lower than the fixed electricity price offered by the upper-level energy network
to the main grid utility, the utility purchases electricity from the aggregator to reduce its
operating cost. During peak load hours (08:00–23:00), the electricity trading price between
the main grid utility and the aggregator is significantly lower than the fixed price of the
upper-level energy network, incentivizing the utility to increase its electricity purchase
from the aggregator. The trading quantity is increased to 2.00 MW, effectively reducing
the main grid’s operating cost during peak hours and, to some extent, increasing the rev-
enue of the aggregator. Conversely, during specific periods such as 01:00 and 04:00–07:00,
when the electricity price between the main grid utility and the aggregator is higher than
the fixed electricity price offered by the upper-level energy network, the utility stops
purchasing electricity from the aggregator and instead relies entirely on the upper-level
energy network.
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In Figure 8b, during the peak heat load hours, i.e., 01:00–08:00 and 22:00–24:00, the
main grid utility purchases approximately 1–2 MW of heat energy from the aggregator,
as the heat energy trading price between the main grid utility and the aggregator is
significantly lower than the fixed heat energy price from the upper-level energy network. It
is worth noting that at 01:00 and 24:00, the main grid utility does not purchase any heat
energy from the aggregator. This occurs because, at 01:00, the IEPs have to activate its
internal equipment to cope with the high heat load, which precludes any energy export
to the aggregator. Subsequently, at 24:00, the trading is avoided as the heat price offered
by the aggregator exceeds that of the upper-level network. Conversely, during the valley
heat load hours, the optimized price offered by the aggregator is higher than that of the
upper-level energy network, making the utility to source all its heat from the upper-level
energy network to minimize operating costs. The hydrogen energy trading results shown
in Figure 8c follow the same pattern. During 09:00–16:00 and 18:00–22:00, the main grid
trades hydrogen energy with the aggregator that offers lower prices. During periods of low
hydrogen demand, the aggregator raises the price to ensure profitability.

In sum, the optimized results of energy trading quantities and prices demonstrate that
the proposed bi-level game-based optimal scheduling model of the IEP, aggregator, and
utility can effectively facilitate energy interactions through price signals, enabling both the
aggregator and the utility to achieve economic optimality. As the leader, the aggregator
sets differentiated electricity, heat, and hydrogen energy trading prices to guide the utility.
In general, the aggregator reduces prices to increase energy trading quantities of the utility
during periods of high demand and raises prices during low-demand periods to secure
its own profits. This price-based coordinated scheduling strategy allows the aggregator
to obtain reasonable profit through price differentials, while helping the main grid utility
reduce its operating costs.

Furthermore, the energy trading results between the aggregator and the IEPs are
studied. As shown in Figure 9, the electricity trading strategies of the three IEPs are closely
related to their configurations of renewable energy resources. IEP 1, equipped with WT,
PV, and CSP units, has sufficient renewable power production capacity and therefore sells
electricity to the main grid utility through the aggregator during most time periods. IEP 2,
equipped only with a WT unit, exhibits significant intermittency in its electricity selling
due to the fluctuating nature of WTs. IEP 3, which includes only PV and CSP units, shows
a clear solar-dominant characteristic that significant power is exported during periods of
abundant solar irradiation. In addition, as shown in Figure 9, notable strategic differences
exist in the energy trading prices between the aggregator and each IEP. During any period
when the aggregator purchases electricity, the IEP with the largest energy trading quantity
always offers the lowest trading price among the three IEPs. This indicates that, in the
game between the aggregator and the IEPs, each IEP actively adjusts its pricing strategy
to enhance competitiveness. Although prices are reduced, the increased energy trading
quantity can lead to a higher overall revenue. Meanwhile, the aggregator, acting as a price
taker, prioritizes purchasing lower-price electricity to minimize its cost, thereby ensuring
sufficient arbitrage margin between the trading with the IEPs and the main grid utility. In
sum, the proposed game mechanism can effectively balance the profits of the IEPs and
the aggregator.

To further demonstrate the advantages of the proposed bi-level game-based scheduling
model, it is compared with the centralized scheduling model proposed in reference [32],
which adopts fixed energy trading prices between the main grid utility and the IEPs.
The operating costs of the utility and the revenues of the IEPs with the two models are
compared in Table 2. It can be seen, after introducing the aggregator and establishing the
IEP–aggregator–utility game framework, the operating cost of the main grid decreases
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to $174,861.09, i.e., a 2.91% reduction. The reduction is attributed to the enabling of the
trading between the main grid utility and the aggregator with a lower cost. Meanwhile, the
aggregator achieves a profit of $31,682.59 by optimizing its energy purchasing and selling
strategies as well as pricing mechanisms. It is worthwhile to mention that the total revenue
of the IEPs decreases from $28,543.34 to $16,684.06. This is because, after introducing the
aggregator, part of the IEPs’ income is transferred to the aggregator for its coordination
and management.

Table 2. Result comparison of the proposed model and the model in reference [32].

Cost/Revenue ($)
The Centralized

Scheduling Model in
Reference [32]

The Proposed Model

Operating cost of the main
grid utility

Total cost 180,104.87 174,861.09

Electricity purchasing cost from the
upper-level energy network 122,327.66 117,464.40

Heat energy purchasing cost from
the upper-level energy network 10,847.11 8093.88

Hydrogen energy purchasing cost
from the upper-level energy network 1364.79 906.74

Profit of the aggregator -- 31,682.59

Revenue of the IEPs 28,543.34 16,684.06

The comparison result of electricity trading quantities is shown in Figure 10. It
can be seen that introducing the aggregator and implementing the proposed bi-level
game-based optimal scheduling model could significantly increase the electricity trading
quantities. Specifically, during peak demand periods (12:00–15:00 and 18:00–21:00), the
hourly electricity trading quantity shows an increase of over 0.5 MW, indicating more
efficient utilization of surplus energy within the IEP. Overall, the sum of the cost reduction in
the main grid utility and the profit of the aggregator far exceeds the revenue loss of the IEPs,
which indicates that the proposed game-based optimal scheduling model can significantly
improve the overall economic performance, i.e., social welfare, of the integrated energy
system. In conclusion, the proposed IEP–aggregator–utility game framework not only can
reduce the operating cost of the main grid utility but also can provide reasonable profit
margins for both the aggregator and the IEP, thereby enhancing the economic efficiency
and coordination among multiple participants.
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Figure 10. The electricity trading quantities comparison of the proposed model and the model in
reference [32] for IEPs.
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4.2. Energy Supply Risk Impact Analysis
4.2.1. Result Comparison with Consideration of Energy Supply Risk

The confidence level is set to 90%, and different energy supply risk thresholds are,
respectively, assigned for electricity, heat, and hydrogen, with values of 0.6 MW, 1.1 MW,
and 1.5 MW. The settings are mainly based on the operational constraints and the severity of
supply differences in different energy systems. Electricity supply with the highest reliability
requirement is set to the lowest threshold of 0.6 MW, approximately corresponding to 60%
of the maximum tolerable risk level. Heat energy supply exhibits time delay characteristics
compared to electricity and is set with a moderate threshold of 1.1 MW. Hydrogen energy
supply, considering its small scale and relatively high supply flexibility, is assigned a
threshold of 1.5 MW. In this paper, M is set as 106, which is big enough considering that the
scale of the maximum parameter is 103.

As shown in Table 3, the operating cost of the main grid and the profit of aggregator
change significantly after considering energy supply risk. The operating cost of the main
grid increases from $174,861.09 to $180,263.71, representing a rise of approximately 3.09%.
This increase is mainly attributed to the adoption of a more conservative scheduling
strategy under the risk constraints, which prioritizes energy purchasing directly from
the upper-level energy network that offers more stable energy supply with higher prices.
Meanwhile, the profit of the aggregator decreases from $31,682.59 to $26,026.38, a reduction
of 17.85%. The decrease results from the risk constraints that limit arbitrage opportunities
and scheduling flexibility of the aggregator in energy trading and make it more difficult for
the aggregator to achieve high profits through aggressive pricing strategies. Although the
economic performance slightly decreases, the consideration of energy supply risk enhances
energy supply reliability and effectively reduces the probability of supply differences
caused by unexpected events.

Table 3. Comparison of results with and without considering energy supply risk.

Cost or Profit ($) Without Considering Energy
Supply Risk

With Considering Energy
Supply Risk

Operating cost of the upper-level energy network 174,861.09 180,263.71
Profit of the aggregator 31,682.59 26,026.38

The energy trading quantities between the main grid utility and the aggregator with
and without considering energy supply risk are compared in Figure 11. After incorporating
energy supply risk, the electricity purchasing of the main grid utility from the aggregator
are lower in most periods compared to the case without considering energy supply risk,
which indicates that, in order to satisfy the risk thresholds, the utility reduces the proportion
of electricity purchased from the aggregator and instead relies more on the upper-level
energy network, which offers a more stable energy supply with higher prices. Similar
observations can be made in heat and hydrogen energy trading. The main grid utility
reduces the proportion of energy purchased from the aggregator to mitigate the energy
supply risk.

Figure 12 further compares the impact of energy supply risk on the aggregator’s
pricing strategy in electricity trading. During 11:00–14:00, the main grid utility reduces
the trading quantity with the aggregator considering the energy supply risk. In response,
the aggregator increases the trading prices to maintain its revenue and mitigate potential
economic losses from risk consideration. For other periods, the aggregator reduces its
energy trading prices to the utility. By offering more competitive prices, the aggregator
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seeks to sell more energy to the main grid. In sum, considering energy supply risk could
reflect the trade-off between risk management and economic efficiency.
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Figure 11. Energy trading quantities between the aggregator and the main grid utility with and
without considering the energy supply risk.
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Figure 12. Electricity trading quantity and trading price between the aggregator and the main grid
utility with and without considering the energy supply risk.

4.2.2. Sensitivity Analysis of Risk Threshold and Confidence Level

To further study the impact of the energy supply risk on the scheduling results, we
conduct a sensitivity analysis on the risk threshold and the confidence level. The risk
thresholds for electricity, heat, and hydrogen are, respectively, gradually increased from
0.5, 0.9, and 1.25 to 0.8, 1.5, and 2.0, while the confidence level increases from 0.85 to 0.99.
Figure 13 shows the operating cost of the main grid under different risk thresholds and
confidence levels.

Figure 13. Operating cost of the main grid under different risk thresholds and confidence levels.

As shown in Figure 13, a higher risk threshold leads to a lower operating cost.
When the confidence level is set as 0.90, the operating cost decreases from $180,590.04
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to $175,697.70 (a decrease of 2.71%) as the risk threshold increases. When the confidence
level is 0.85, the reduction in the operating cost is about 1.00%. This indicates that a higher
risk threshold allows the main grid utility to tolerate greater energy supply uncertainty,
thereby reducing the amount of expensive energy offered by the upper-level energy net-
work to hedge against risks. Conversely, a higher confidence level results in a higher
operating cost. When the risk thresholds for electricity, heat, and hydrogen are fixed at 0.5,
0.9, and 1.25, respectively, the operating cost of the main grid increases from $175,840.27 to
$184,609.93 as the confidence level rises from 0.85 to 0.99 (an increase of 4.99%). It can be
concluded that a high confidence level requires the utility to satisfy the energy supply even
under extreme risk scenarios, compelling it to adopt a more conservative energy trading
strategy. In sum, with the energy supply risk constraint, the impact of the confidence
level on the main grid operating cost is more significant than that of the risk threshold,
highlighting the dominant role of the confidence level in risk management.

5. Conclusions
This paper first builds a bi-level game-based optimal scheduling model for the

electricity–heat–hydrogen IEPs, aggregator, and main grid utility. Based on the CVaR
theory, an enhanced model considering energy supply risk is further proposed. The sim-
ulation results demonstrate the following: (1) By building a game framework between
the IEPs, aggregator, and main grid utility, the interests of all game participants are bal-
anced and reasonable economic outcomes for the three types of participants are achieved.
(2) Considering energy supply risk in the trading between the main grid utility and the
aggregator, the energy supply stability of the main grid can be improved at the cost of
operational economy. By adjusting the risk threshold and the confidence level, the main
grid utility can effectively achieve a balance between supply reliability and operational
economy. Future work will focus on developing mechanisms that incentivize user partici-
pation, enhancing the implementation feasibility of trading mechanisms, and modelling
emerging energy carriers.
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Nomenclature

Abbreviations
CHP Combined heat and power
CSP Combined solar and power
EB Electric boiler
EC Electric cell
ES Energy storage
HFC Hydrogen fuel cell
HTT Hydrogen tube trailer
IEP Integrated energy park
PV Photovoltaic
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WT Wind turbine
Indices and Sets
ω Index of energy supply risk scenarios
Ω, H, U Sets of nodes in the electric/heat/hydrogen main grid
a, b, c Indices of CHP, CSP, and electrical ES
e, f Indices of EB and EC
i, j, k Indices of nodes in the electric main grid

m, o
Indices of HTT in the hydrogen main grid and nodes connected to
the upper-level energy network within the hydrogen main grid

p, q Indices of nodes in the heat main grid
r Index of heat ES
s Index of PV
t Index of scheduling hours
u Index of nodes in the hydrogen main grid
v Index of IEP
w Index of WT
y Index of HFC

z
Index of nodes connected to the upper-level energy network
within the electric main grid

Variables
δ

p1
ωt, δ

p2
ωt, δ

p3
ωt, δ

p4
ωt Auxiliary binary variable for electricity supply differences

δh1
ωt, δh2

ωt, δh3
ωt, δh4

ωt Auxiliary binary variable for heat supply differences
δu1

ωt, δu2
ωt, δu3

ωt, δu4
ωt Auxiliary binary variable for hydrogen supply differences

η
p
t , ηh

t , ηu
t Value-at-risk of electricity, heat, and hydrogen energy supply

Cvt, Copt
vt

Energy purchasing cost of IEP v from the aggregator at time t,
operating cost of IEP v at time t

cp
vt, ch

vt, cu
vt

Electricity, heat, and hydrogen energy purchasing prices by the
aggregator from IEP v at time t

cp
t , ch

t , cu
t

Electricity, heat, and hydrogen energy purchasing prices by the
main grid utility from the aggregator at time t

FA,up, FA,low Profit of the aggregator in the upper/lower-level game model
Fpark Revenue of IEPs
Felectricity, Fheat, Fhydrogen Electricity/Heat/Hydrogen operating cost of the main grid utility

HA,in
ωt , HA,0

t
Actual/contracted heat power trading quantity between the
aggregator and the main gird utility under scenario ω at time t

HA,in
t , HA,out

t
Heat power purchased/sold by the main grid utility from/to the
aggregator at time t

HA,in
vt , HA,out

vt
Heat power purchased/sold by the aggregator from/to IEP v at
time t

Hloss
qp,t Heat flow loss of pipeline qp in main grid at time t

Hav,t, Hbv,t, Hev,t, Hyv,t
Heat power produced by CHP a, CSP b, EB e, and HFC y in IEP v at
time t

HTS,cha
bv,t , HTS,dis

bv,t , HSF
bv,t, HSF,loss

bv,t
Heat charging/discharging rate of heat ES, heat power
production/loss of heat collection unit in CSP b in IEP v at time t

Hgt, Hqp,t, Hph,t

Heat power purchased by the main gird utility from the upper-
level energy network at time t; heat power between nodes q, p and
p, h in the main gird at time t

Hcha
rv,t , Hdis

rv,t Heat charging/discharging rate of heat ES r in IEP v at time t
Iij,t Current of line ij in the electric main grid at time t

Imu,t, Iin
mu,t, Iout

mu,t

Binary variable indicating whether HTT m is located at node u at
time t, and the hydrogen charging/discharging state of HTT m at
time t

Iav,t, Ibv,t, Iev,t, I f v,t ON/OFF states of CHP a, CSP b, EB e, and EC f in IEP v at time t
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Icha
bv,t, Idis

bv,t Charging/discharging state of heat ES of CSP b in IEP v

Icha
yv,t, Idis

yv,t
Charging/discharging state of hydrogen ES in HFC y in IEP v at
time t

Icha
cv,t , Idis

cv,t, Icha
rv,t , Idis

rv,t
Charging/discharging states of electrical ES c and heat ES r in IEP
v at time t

Ip,in
t

Electric power purchasing state from the main grid utility to the
aggregator at time t

Ih,in
t

Heat power purchasing state from the main grid utility to the
aggregator at time t

Iu,in
t

Hydrogen power purchasing state from the main grid utility to the
aggregator at time t

PA,in
v,t , PA,out

v,t
Electric power purchased/sold by the aggregator from/to IEP v at
time t

PA,in
ωt , PA,0

t
Actual/contracted electric power trading quantity between the
aggregator and the main grid utility under scenario ω at time t.

PA,in
t , PA,out

t
Electric power purchased/sold by the main grid utility from/to the
aggregator at time t

Pzt, Pij,t, Pkj,t

Electric power purchased by the main gird utility from the
upper-level energy network at time t, active power between
nodes i, j and k, j in the main gird at time t

Ploss
ij,t

Electric active power flow loss between nodes i, j in the main grid
at time t

Pav,t, Pbv,t, Pyv,t, Pev,t, Pf v,t
Electric active power produced by CHP a, CSP b and HFC y, and
electric active power consumed by EB e and EC f in IEP v at time t

Pcur
wv,t, Pcur

sv,t Curtailed electric active power of WT w and PV s in IEP v at time t

Pcha
cv,t , Pdis

cv,t
Electric active power charging/discharging rate of electrical ES c in
IEP v at time t

Qij,t, Qkj,t, Qloss
ij,t

Electric reactive power flow between nodes i, j and k, j, and reactive
power flow loss between nodes i, j in the main grid at time t

Qcon
jt , Qzt

Electric reactive power compensation at node j in the main grid at
time t, and reactive power purchased by the main gird utility from
the upper-level energy network at time t

RA
t Total profit of the aggregator at time t

Rvt Energy selling revenue of IEP v from the aggregator at time t

Scv,t, Ssv,t, Syv,t
Capacity of electrical ES c, heat ES s, and hydrogen ES of HFC y in
IEP v at time t

SUav,t, SDav,t Start-up/shut-down fuel consumption of CHP a in IEP v at time t

UA,in
t , UA,out

t
Hydrogen power purchased/sold by the main grid utility from/to
the aggregator at time t

UA,in
vt , UA,out

vt
Hydrogen power purchased/sold by the aggregator from/to IEP v
at time t

UA,in
ωt , UA,0

t
Actual/contracted hydrogen power trading quantity between the
aggregator and the utility under scenario ω at time t

Uot, Uin
mu,t, Uout

mu,t

Hydrogen power purchased by the main gird utility from the
upper-level energy network at time t, hydrogen charging/
discharging rate of HTT m

Uloss
mu,t

Hydrogen power flow loss between HTT m and node j in the main
grid at time t

Ucha
yv,t, Udis

yv,t
Hydrogen charging/discharging rate of hydrogen ES in HFC y in
IEP v at time t

U f v,t Hydrogen power produced by EC f in IEP v at time t
up

ωt, uh
ωt, uu

ωt Risk auxiliary variables for electricity, heat and hydrogen
Vjt Voltage at node j in the electric main grid at time t
Xon

av,t, Xoff
av,t Start-up/shut-down time counter of CHP a in IEP v at time t
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Parameters
α Range coefficient of energy supply differences
β Threshold parameter of large- difference scenarios
ε A sufficiently small positive constant
ηs−h

bv Solar-to-heat conversion efficiency of CSP b in IEP v
ηloss

m Hydrogen discharging loss rate of HTT m

ηh
av, ηMT

av , ηL
av

Performance coefficient of the absorption chiller, electric active
power production efficiency, and the heat dissipation loss rate of
the microturbine in CHP a in IEP v

ηh−e
bv Heat-to-electricity conversion ratio of CSP b in IEP v

ηe−h
ev Electricity-to-heat conversion efficiency of EB e in IEP v

ηdis
bv Discharging efficiency of heat ES in CSP b in IEP v

ηPS,cha
cv , ηPS,dis

cv Charging/discharging efficiency of electrical ES c in IEP v
ηHS,cha

rv , ηHS,dis
rv Charging/discharging efficiency of heat ES r in IEP v

ηH2
f v Electricity-to-hydrogen conversion efficiency of EC f in IEP v

ηu−e
yv , ηu−h

yv
Hydrogen-to-electricity/heat conversion efficiency of HFC y in
IEP v

λ
p
t , λh

t , λu
t

Electricity, heat, and hydrogen energy trading prices between the
upper-level energy network/IEP and the main grid utility at time t

COPh
av Flue gas recovery rate of CHP a in IEP v

cfuel Fuel price of CHP units
Dbt Solar radiation index of CSP b at time t
Hloss

t Estimated heat flow loss at time t

HA,in,max
t , HA,out,max

t
Upper limit of heat power purchased/sold by the main grid utility
from/to the aggregator at time t

Hmax
qp , Hmin

qp Heat flow upper/lower limit of pipeline qp in the main grid
Hmax

ev , Hmin
ev Upper/lower limit of heat power produced by EB e in IEP v

HTS,cha,max
bv , HTS,cha,min

bv Upper/lower heat charging rate limit of CSP b in IEP v
HTS,dis,max

bv , HTS,dis,min
bv Upper/lower heat discharging rate limit of CSP b in IEP v

Hcha,max
rv , Hdis,max

rv Upper heat charging/discharging rate limit of heat ES r in IEP v

Hload
pt , Hld

vt
Heat load of node p in the main grid at time t, heat load of IEP v at
time t

Imax
ij , Imin

ij Upper/lower current limit of line ij

Lqp Length of pipeline qp
M A large positive constant
Nω Number of energy supply risk scenarios
Ploss

t Estimated electric active power flow loss at time t

PA,in,max
t , PA,out,max

t
Upper limit of electric active power purchased/sold by the main
grid utility from/to the aggregator at time t

Psv,t, Pwv,t Electric active power produced by WT w and PV s at time t
Pmax

f v , Pmin
f v Upper/lower limit of electric active power consumed by EC f in

IEP v

Pmax
av , Pmin

av , Pmax
bv , Pmin

bv
Upper/lower limit of electric active power produced by CHP a and
CSP b in IEP v

Pcha,max
cv , Pdis,max

cv
Upper active power charging/discharging rate limit of electrical
ES c in IEP v

Pload
jt , Pld

vt
Electric active power load of node j in the main grid at time t,
electricity active power load of IEP v at time t

Qload
jt Electric reactive power load of node j in the main grid at time t

Qcon,max
j Upper limit of electric reactive power compensation of node j

Rij, R
Resistance of line ij and heat resistance of pipeline pq in the
main grid

SSFSSF Area of the heliostat field
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Smax
cv , Smin

cv , Smax
rv , Smin

rv Upper/lower capacity limits of electrical ES c and heat ES r in IEP v
SUR

av , SDR
av Up/down ramping rate of CHP a in IEP v

SUR
bv , SDR

bv Up/down ramping rate of CSP b in IEP v
SUR

ev , SDR
ev Up/down ramping rate of EB e in IEP v

suav, sdav One-time start-up/shut-down fuel consumption of CHP a in IEP v
Te Ambient temperature of the heat main grid
Ton

av , Toff
av Minimum On/Off time of CHP a in IEP v

Tsw Supply water temperature of pipeline
Uloss

t Estimated hydrogen flow loss at time t

UA,in,max
t , UA,out,max

t
Upper limit of hydrogen power purchased/sold by the main grid
utility from/to the aggregator at time t

Ucha,max
yv , Udis,max

yv
Upper hydrogen charging/discharging rate limit of hydrogen ES in
HFC y in IEP v at time t

Uin,max
m , Uout,max

m Upper limit of heat charging/discharging rate of HTT m
Uload

ut Hydrogen load of node u in the main grid at time t
Vmax

j , Vmin
j Upper/lower voltage limit of node j

Xij Reactance of line ij in the main grid
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