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HIGHLIGHTS

e An IES is proposed that incorporates multiple energy flows, with the inclusion of EHM and GHDCHP.
o A three-level Nash three-stage robust optimization model is proposed.
e An ADMM algorithm is proposed, which combines AOP-Looped C&CG.
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To address the challenges faced by an integrated energy system (IES) during independent operation, such as high
operating costs and significant uncertainties in electricity prices and source-load, a cooperative operation method
based on a three-level Nash three-stage robust optimization is proposed for the Multi-integrated energy system
(MIES). Firstly, the IES is enhanced by incorporating the coupling of multiple energy flows (electricity, heat,
hydrogen, and gas) through the integration of an electric hydrogen module (EHM) and gas hydrogen doping
combined heat and power (GHDCHP). Secondly, a Nash-Stackelberg-Nash game framework is constructed using
game theory to accurately capture the interaction characteristics between the MIES and the Multi-PV prosumer
(MPVP). Subsequently, a three-stage robust optimization model is developed for the IES, taking into full
consideration the multiple uncertainties in electricity prices and source-load. This model is coupled with the
Nash-Stackelberg-Nash game to propose a three-level Nash three-stage robust optimization model. Additionally,
an ADMM algorithm coupling AOP-Looped C&CG is proposed to effectively solve the model. Finally, the
effectiveness of the proposed method is validated through numerical examples.

heating, industry, and transportation, particularly in areas where elec-
trification and decarbonization are challenging. Hydrogen can be flex-

1. Introduction

The trends of multi-energy flow coupling and clean substitution are
driving forces for the future development of energy systems, leading to a
transformation of common user in the energy system into “PV pro-
sumer”. The IES with electricity, heat, hydrogen, and gas will be the
most significant form of energy system. Moreover, cooperative opera-
tion of the MIES can effectively enhance energy utilization efficiency.
However, the multiple uncertainties in electricity prices and source-
load, as well as the conflicts of interest among MIESs, pose significant
challenges for modeling, planning, and operation.

Hydrogen, as a high-quality secondary energy carrier, holds signifi-
cant application value in various sectors such as power generation,
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ibly transferred through hydrogen storage devices and has great
dispatch potential when combined with hydrogen-consuming equip-
ment. Many scholars have conducted research on hydrogen’s involve-
ment in system optimization and scheduling. In [1], a multi-energy
complementary system of electricity, heat, and hydrogen is established,
aiming to minimize system operational costs and maximize the accom-
modation of surplus wind power. Ref. [2] constructs an optimal in-
vestment planning model considering electrolyzer (EL) and hydrogen
energy storage (HES), and synchronizes the operation of the power grid
and hydrogen supply chain during the planning phase. Ref. [3] explores
the synergistic optimization operation of EL, HES, and hydrogen fuel cell
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(HFC), which can improve the economic efficiency of the system.
However, existing research lacks a comprehensive consideration of the
entire process of hydrogen production, storage, and utilization. There-
fore, in this study, we aggregate “EL + HES + HFC” into an EHM.
Additionally, the hydrogen released from HES can be injected into
natural gas to form hydrogen-doped natural gas, which serves as fuel for
GHDCHP, thereby supplying energy to the system and promoting the
accommodation of new energy sources.

With the growth of residential photovoltaics, traditional electricity
common users are gradually transforming from consumers to PV pro-
sumers with the capability to generate electricity. This transition enables
not only the cooperative operation of MIES but also the interconnec-
tedness and mutual support among MPVP within the IES. In such a co-
ordinated optimization problem involving multiple entities, game
theory accurately reflects the interaction characteristics among the
participating entities and effectively facilitates intelligent decision-
making by multiple entities. Ref. [5-7] address the two major issues
of energy trading and profit allocation among different entities based on
the Nash bargaining solution, while employing the Alternating Direction
Method of Multipliers (ADMM) for distributed computation to ensure
the privacy of each entity. Ref. [8] analyzes the supply-demand inter-
action relationship based on a leader-follower game model with the park
operator as the leader and users as followers. Ref. [9,10] establish a
peer-to-peer (P2P) transaction model based on the principles of bilateral
economic dispatch, taking into account prosumers’ energy preferences.
However, the aforementioned studies either only consider the compet-
itive relationship among multiple entities or solely focus on the potential
for cooperation between different entities, without seeking cooperation
in a competitive context. Therefore, in addition to constructing the IES
and PV prosumer as a Stackelberg game, we also consider the Nash game
among different IESs and PV prosumers, thereby forming a Nash-
Stackelberg-Nash game, referred to as the three-level Nash game.

Furthermore, with the access of external power grids and the massive
grid connection of renewable energy, the multiple uncertainties of
electricity prices and source-load can impact the equilibrium of the
Nash-Stackelberg-Nash game as the number of participating entities
increases. Uncertainty handling methods include interval programming,
stochastic programming, and robust programming. A multi-energy sys-
tem scheduling model considering source-load uncertainty was con-
structed using interval programming in Ref. [11]. Ref. [12] developed a
regional integrated energy system planning model considering source-
load uncertainty through stochastic programming. Ref. [13] incorpo-
rated source-price uncertainty and utilized a particle swarm - interval
linear programming method to construct a bi-level planning model,
which optimized the configuration of energy storage devices and
improved economic performance. Ref. [14,15] employ robust optimi-
zation to study demand response strategies for IES under electricity price
uncertainty. Ref. [16,17] establish two-stage robust economic dispatch

Table 1
Comparison of the state-of-the-art references with the proposed methods.
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models considering source-load uncertainty within microgrids and
iteratively solve them using the C&CG algorithm to obtain the optimal
results under the worst-case scenario. However, the previous studies
either fail to simultaneously consider the multiple uncertainties of both
electricity prices and source-load or neglect the impact of uncertainty
factors on the system under a game relationship. Therefore, in our study,
we simultaneously consider the multiple uncertainties of electricity
prices and source-load, construct a three-stage robust optimization
model for the system, and couple the three-stage robust optimization
with the Nash-Stackelberg-Nash game. This approach further establishes
a three-level Nash three-stage robust optimization model. Additionally,
we propose a distributed ADMM algorithm that combines AOP-Looped
C&CG for solving the model.

To sum up, the work in this paper and previous references are
compared in Table 1. For addressing these issues, we propose an IES that
incorporates multiple energy flows, including electricity, heat,
hydrogen, and gas, with the inclusion of EHM and GHDCHP. To accu-
rately reflect the interaction characteristics between MIES and MPVP,
we employ game theory and establish a Nash-Stackelberg-Nash game
framework. Next, we fully consider the multiple uncertainties of elec-
tricity prices and source-load and construct a three-stage robust opti-
mization model for the system. This model is then coupled with the
Nash-Stackelberg-Nash game, resulting in a three-level Nash three-
stage robust optimization model. To effectively solve this model, we
propose an ADMM algorithm that combines AOP-Looped C&CG. Finally,
the effectiveness of the proposed method is validated through case
studies. The main contributions are summarized below.

1) AnIESis proposed that incorporates multiple energy flows, including
electricity, heat, hydrogen, and gas, with the inclusion of EHM and
GHDCHP.

2) A three-level Nash three-stage robust optimization model is
proposed.

3) An ADMM algorithm is proposed, which combines AOP-Looped
C&CG.

2. IES framework

In this section, the architecture of MIES is presented, followed by an
explanation of the energy flows within IES, the specific components of
EHM, and the energy requirements of PV prosumer or common user.

The energy trading framework structure of the investigated MIES is
illustrated in Fig. 1. Each IES can achieve P2P distributed energy sharing
with other IES through dedicated power interconnection lines. In terms
of information sharing, IES does not need to disclose all its self-related
information to other IES during electricity transactions, ensuring the
privacy of each IES. On the physical level, IES can share electrical energy
through dedicated power interconnection lines, resolving congestion

Ref. IES Model Game and Robust Coupling Distributed Optimization Algorithm

EHM GHDCHP PV Prosumer/Common Game Robust AOP-Looped C&CG ADMM
User Algorithm

[2] EL. HES X X X X X X

[3] \/ X X X X X X

[4] EL \/ X X X X X

[5-7] X X X Nash Game X X v

[8] X X X Stackelberg Game X X X

[9,10] X X \/ Nash Game X X \/

[14,15] HES. X X X Uncertainty in Electricity Prices HS Algorithm/ X
HFC Strong Duality

[16,17] X X X X Source and Load Uncertainty C&CG X

[23] X X X Stackelberg Game Source and Load Uncertainty C&CG X

[24] X X X X X X

Proposed v/ v v Nash-Stackelberg-Nash Electricity Price and Source-Load v v

Game

Uncertainty
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Fig. 1. MIES architecture.

issues at the public busbar and improving the overall operational effi-
ciency of multiple IES. Additionally, as the energy-supplying side, IES
interacts bidirectionally with PV prosumer aggregator or common user
aggregator on the energy-consuming side. This enhances the benefits of
the energy-supplying side and the consumer surplus of the energy-
consuming side. Moreover, within the PV prosumer aggregator, PV
prosumer can share centralized electrical energy with other PV pro-
sumer through dedicated power interconnection lines, effectively
improving the electricity utilization efficiency of PV prosumer.

Within the IES, multiple heterogeneous energy sources (electricity,
heat, gas, and hydrogen) are integrated. Renewable energy devices
include WT and PV, energy conversion devices include gas boiler (GB),
GHDCHP, and EHM. Energy storage device include electric energy
storage (EES), and load encompass both electric and thermal load. The
IES is also connected to external power grid and gas network, providing
electricity and heat to PV prosumer or common user to meet their energy
demand.

The EHM is composed of EL, HES, and HFC, as shown in Fig. 2.
Within the EHM, hydrogen gas generated by the electrolysis of water in
EL is stored in HES when the EHM is being charged, operating in a
power-to-hydrogen (P2H) mode. Conversely, during discharge, HFC
consumes the hydrogen gas released from HES to generate electricity,
operating in a hydrogen-to-power (H2P) mode. Notably, P2H and H2P
operations do not occur simultaneously within the EHM.

3. IES modeling and planning framework

In this section, the conceptual framework of the three-stage robust
planning model for IES is first introduced, along with the modeling
approach for uncertainty. Next, the bi-level Nash planning framework
for PV prosumer is presented, along with the modeling approach for bi-
level Nash. Finally, the three-level Nash three-stage robust planning
framework for three IESs is introduced, along with the modeling
approach for three-level Nash and the coupling of three-stage robust.

ory_| power

-l;l generation
|

¢ ) power

J& -4 — P generation

—»  heat
generation

=

electricity GHDCHP

Fig. 2. EHM architecture.

3.1. IES three-stage robust planning framework

The framework of the three-stage robust planning model for IES is
depicted in Fig. 3, and the objective function can be expressed as (1).
The goal of this model is to minimize the scheduling and operation cost
of the IES. Specifically, the first-stage decision determines the operation
plan to mitigate the uncertainty in electricity price and source-load. The
second-stage involves searching for scenario that maximize the system’s
minimum purchasing and selling electricity cost within the uncertain set
of electricity price, given the first-stage decision. The third-stage in-
volves searching for scenario that maximize the system’s minimum
purchasing gas and EES utilization cost within the uncertain set of
source-load, given the decision from the first and second stage.

1st—stageoptimization

state
Ctate +
2nd—stageoptimization
min min ceid + @)
xeX yey

3rd—stageoptimization

veV

< —
max ( min (C** + C*)
ucl z€Z

1) 1st-stage optimization

In (2), the variable x represents all scheduling and operation state
variables (including the purchasing and selling electricity states p®,
5l the charging and discharging states of EES p", u%s; and the oper-

ating states of EHM I"2! 112P) with specific elements as follows:

x = (IPZH’IHZP,”ch7”dis7”buy7”sell)’x c {07 l} (2)

2) 2nd-stage optimization

After the first-stage decision, the second stage employs a robust
optimization approach to minimize the system’s purchasing and selling
electricity cost. In (5), a polyhedral uncertainty set is constructed
considering the impact of uncertain electricity price within the system.
Additionally, the robust optimization method utilizes a “max-min”
structure to handle price fluctuation. Specifically, the “max” obtains the
worst-case scenario from the uncertain set of electricity price, resulting
in the maximum purchasing and selling electricity cost for the system.
The “min” obtains the worst-case scenario for the system’s purchasing
and selling electricity plan. In (1), v represents the uncertain variable of
electricity price (including the purchasing price p® and selling price
p*D), as shown in (3); y represents the purchasing and selling electricity
plan (including the purchase quantity P* and sale quantity P*), as
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Fig. 3. IES three-stage robust programming model framework.

shown in (4).

y = @‘buy7ﬁsell) (3)
y= (Phuy’Psell) (4)
P =ps
pt)uy+ ﬂzJUer_
buy— _buy—
Vo = gt PR Vi )

mt e 0,1},
Z(”?uﬁ + ﬂtluy—)grhuy

t

In (5), 0, B, pi™*, pt™~ correspond to the actual value, predicted

value, upper deviation value, and lower deviation value of the pur-
chasing price, respectively. Similarly, 7", '™~ represent the state
variable for the upper and lower deviation of the purchasing price. The
uncertainty budget, denoted as I'™, represents the uncertainty level of
the purchasing price and is an integer with a maximum value of one
scheduling period T. A higher value of '™ indicates a greater number of
time periods with system uncertainty and hence stronger robustness.

Remark 1. The polyhedral uncertainty set for the purchasing price is
constructed here, and the same approach is applied to the uncertainty
set for the selling price, which will not be further elaborated.

3) 3rd-stage optimization

After the first and second-stage decisions, the third stage also em-
ploys a robust optimization approach to minimize the system’s pur-
chasing gas and EES utilization cost. Similarly, the uncertainty of source-
load within the system is described using polyhedral uncertainty set. In

(1), u represents the uncertain variable of source-load (including wind
- ~ ~load
power PVT, photovoltaic PV, electrical load P:a , and thermal load

i’;load), as shown in (6). The variable z represents the purchasing gas and
equipment scheduling operation plan, as shown in (7).

‘= (ﬁWT,ﬁPV,ﬁL"a",ﬁ':““) ®)
P PP P GASG, GASSTY,
PPZH Hwe‘ PHZP ch HES
z — 9 bl bl b} S 9 (7)

PS5 GAS®®,
Pch Pdis SEES

In (7), the following variables are deﬁned:Pf“P : Power generation
capacity of GHDCHP; P{"P . Heat recovery capacity from hot water

h,water*

circulation of GHDCHP; P;'f . : Heat recovery capacity from flue gas of

smoke*
GHDCHP; P;"": Heat production capacity of GHDCHP; GAS{": Natural
gas consumption of GHDCHP; GASE:"’ : Hydrogen consumption of
GHDCHP; P™!: Electric power consumption of EHM under P2H opera-
tion mode; H"*: Hydrogen production mass of EHM under P2H opera-
tion mode; P"%":
operation mode; H™: Hydrogen consumption mass of EHM under H2P
operation mode; §"®: Hydrogen storage capacity of EHM’s HES; PZ®:
Heat production capacity of GB; GAS®®: Natural gas consumption of GB;
P': Charging power of EES; PY*: Discharging power of EES; P**: Energy
storage capacity of EES.

Power generation capacity of EHM under H2P

Remark 2. The form of the uncertainty set for source-load is the same
as that for the purchasing price, and will not be further elaborated.
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3.2. PV prosumer bi-level Nash programming framework

The framework of the PV prosumer bi-level Nash planning model is
illustrated in Fig. 4. The model consists of two stages. In the first stage,
there is a Stackelberg game between the IES and the PV prosumer
aggregator. The energy price formulated by the IES are adjusted based
on the energy purchase demand provided by the PV prosumer aggre-
gator, aiming to maximize its own benefits. These formulated energy
price are then transmitted to the second stage. In the second stage, a
Nash game model is applied among the members of the PV prosumer
aggregator [18]. Moreover, the objective function of the PV prosumer
aggregator can be expressed in (8). Based on the electricity price
calculated in the first stage, appropriate levels of interactive electricity
quantity and price among PV prosumers are determined to ensure that,
on the premise of maximizing cooperative benefits, each PV prosumer
can profit through collaboration. The PV prosumer aggregator then
sends the energy purchase demand from the PV prosumer back to the IES
in the first stage.

ml-n(Clran + Cdr) (8)
q<Q

In (8), ¢ represents the variable for PV prosumer scheduling and
operational plan, including reducible electricity and heat load p*, ",
purchased electricity and heat p'°®d p'** and interactive electricity

quantity p™®. The specific elements are as follows:

cut gcut load g load
P 7h1 P ;hl )

cut pcut load g, load

_ | P2 7h2 ) &) 7h2 ) (9)
9= cut peut pload pload
p3 2173 7P3 1183

tran _tran _ tran

P12 P13 Py

Remark 3. For common user, there is only a Stackelberg game be-
tween the IES and the common user aggregator, and there is no Nash
game involving the common user aggregator.

3.3. Three IES three-level Nash three-stage robust planning framework

The framework of the three-level Nash planning model is illustrated
in Fig. 5. The framework of the three-level Nash three-stage robust
planning model for three IESs is illustrated in Fig. 6. The first level Nash
game represents the Nash game among the three PV prosumers. The
second level Nash game represents the Stackelberg game between the

Interactive power
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energy demand energy price

T

|

[ —— e !
\

I § +— > %

RN | L .

| PV Prosumerl PV Prosumer2 PV Prosumer3 |
\

| T interactive electricity price T }

[

| |

| |

| \

PV Prosumer Aggregator

———> energy price —— energy transmission

Fig. 4. PV prosumer bi-level Nash programming model framework.
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IES and the PV prosumer aggregator. The third level Nash game repre-
sents the Nash game among the three IESs. Additionally, each IES con-
structs a three-stage robust planning model [19-21]. In [7], it has been
proved that the Nash bargaining model of cooperative game can be
equivalent to solving the subproblem P1 of maximizing cooperation
benefit and the subproblem P2 of energy transaction payment. For P1,
the decision model for the i-th IES can be formulated as (10).

Csla[e_ctran+
. Jina (P, 4P, )+ o .
min G\ T i +maxminC® 4 maxmin(CE +C*)
xeXwew veV yeY uel zeZ
) 2
tjedj#i /7;_1 P° 4+P°

ijt Jit 2

(10)
In (10), 41 is the Lagrange multiplier, py1 1s the penalty factor, and
w represents the energy price (including electricity price p¢ and heat
price p") determined by the i-th IES for the three PV prosumers, with

specific elements as follows:
w = (p}.p\.p5.p5.P5.P3) an
For P2, the decision model for the i-th IES can be formulated as (12).

—In (c? -Gy p;;,,P;,,) +
1 jelj#i

€ € 12
jqj‘z.r (P,y,, - 17/-,»_,) =+ a2

In (12), 42, is the Lagrange multiplier, p; , is the penalty factor, C?
represents the cost for the i-th IES when not participating in electricity
trading, which can be obtained by solving the optimization problem
with the transaction quantity set to 0, and C; denotes the optimal cost
obtained by the i-th IES when solving the P1.

Remark 4. The cooperative game Nash bargaining model among PV
prosumer aggregator members can equivalently be solved by maxi-
mizing cooperative benefit and energy transaction payment, as shown in
(A1)—(A2).

4. Formulation of three-level Nash three-stage robust
programming model

The mathematical formulations of the proposed three-level Nash
three-stage robust planning model are presented in this section.

4.1. Objective function

1) IES scheduling operation plan state cost
cotate — aHESZ ( pony IleH +atgpp IIHZP) +Bezs Z ( ﬂfh n ﬂ:ﬁs) + Ygridz ( ”:)uy 4 ﬂ.’sen)
t 1 t

13

In (13), aygs,apon,anop represent the price coefficients for the oper-
ational states of the EHM, f;¢ represents the price coefficient for the
charging and discharging states of the EES, and y,,;4 represents the price
coefficient for the buying and selling states of electricity.

2) Electricity purchase and sale cost of IES

Cgrid _ Z (pt)uypllauy 7p:ellplsell) 14

t

In (14), pt"™ represents the purchasing price of electricity, and p;*"
represents the selling price of electricity.
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3) Gas purchasing cost of IES

C = p ) (GASGE +GASE™) 15)
7
In (15), p#* represents the price of natural gas.
4) EES utilization cost of IES
16)

e = aEESZ(P?h +P/;‘lis)
t

In (16), aggs represents the cost coefficient for the utilization of the
EES.

5) PV prosumer aggregator energy purchase cost

e load h pload
PPy Pt
ran e load h 7 load
Ct :Z D5.Pai +Pahyy +
t

e load h g load
p}-,zplt +~D3.1h3t

17

6) Demand response cost of PV prosumer aggregator or common user

aggregator
O = aty > (PR )+l (I ) a8)

t t

In (18), af

cut

h

cut

represents the penalty coefficient for reducible electric

load, while o , represents the penalty coefficient for reducible heat load.

4.2. Constraints

1) Electricity Transaction Constraints with Power Gird

OSPY pP™ P, 19

0<P<u P, 0

RS (21)
2) Operational Constraints of GHDCHP

PO = " GASLRY + 5" GASEY (22)
Plveee = 05" GASILT — o GASEY (23)
Plmokes = 05" GASLLT +ag " GASY 24)
P = Piiers + 05 Pioke (25)
k= GASG™ / (GASCHE® + Gasgi™) 26)
0<K,<20% 27
(O N (28)

In (22)-(27), , represents the hydrogen blending ratio of natural gas,
while "} represents the operational coefficient of the GHDCHP.

3) Operational Constraints of EHM

HY = oM pPH (29)
PP = oM e (30)
1P PP P (1)
1P PP I (32)
P74 1P (33)
SYES = SIS 4 H)* — HE — py, GASGY (34)
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SHES = SHES (35)
S¥Es _ SOHES (36)
Shin SSTESSHR (37

In (29)-(30), at™! represents the operational coefficient of the EHM.
In (34), py, represents the density of H.
4) Operational Constraints of GB

PP = aBGAST® (38)

0gPP<P® (39)

h,max

In (38), a“® represents the operational coefficient of the GB.

5) Operational Constraints of EES

0P < P -
0KPIsgudspats. o
Ht <1 -
S = S A n P — P g -
S5 =5 "
SEES < SFFS < SEES *

6) Energy Interaction Constraints

P min <P SP (46)
tran tran tran
Pij min gpi,‘.: <Pi,:ma,x (47)

7) Energy Price Constraints

P <pl <prret (48)
pgnc.sc]] < p?}.‘llr‘dn < f)rc.buy (49)
pfre,sell gpilsp’pre.buy (50)
mean (5, ) <P ©))
JARS RS (52)
mean (pf.’_l) <P mean (53)

In (48)-(50), p™™ represents the purchasing price of electricity

from the grid, p"™**" represents the selling price of electricity to the grid,
and p;™" represents the price of electricity exchanged between PV

prosumers.

8) Operational Constraints of PV prosumer

0PSB, G
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PV prosumer
load __ L PV cut tran
Piy =Pi; =P —Pip T 2 :pi]vf
jeliti (55)
commonuser

load cut

Pi; :ph _pr:/ —Dis

S AN N (56)
i = by, — hy (57)
0P <Plimas (58)
O <hitys, (59

In (549)-(57), /¢

cut

represents the coefficient for reducible electrical
load, p", represents the coefficient for reducible thermal load, and p},,

hE,,ptY represent the electrical load, thermal load, and rooftop photo-
voltaics of the i-th PV prosumer, respectively.

9) Coupling Constraints

PP, =0 (60)
P +plr =0 ©D
Py, =Py =0 ©2)
T (63)

10) Energy Balance Constraints.

The electric power balance is expressed in (64).
Py — pell 4 pCIP 4 PPV pYT 4 plis _ peh
= P PP P LY Tl S P (64)

Jelj#i

The heating power balance is expressed in (65).

PP+ PRV — Pl 43 i (65)

In (64)-(65), P¥", PV represent the output power of WT and PV,
respectively. P24 Pload on the other hand, represent the electrical load

and thermal load.
5. Solution methodology

The proposed three-level Nash three-stage robust planning model is
NP-hard and cannot be solved directly. In this section, the solution
process of the proposed model is presented.
5.1. Full matrix formulation

To enhance the understandability of our subsequent discussions, the

three-level Nash three-stage robust planning model for the i-th IES is
redefined in the form of a compact matrix.
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ATx —wlg+

min A (P'e/‘ + PT") + +
xeXweW

" 2
tjelj#i p!j,l Pe
2 it

+P

Jit

2

max minv’y+
vev YEY

66
maxminB"z (66)
uel zeZ

s.ta’x +b'w<C
cTx+d"v+e'y<D
fx+gv+h"y +i"u+jz<E

q= argmin(qu + Fq)
q

s.t.kquG

In (66), the decision variables correspond to the developed model in
Section 3, and A,B,C,D,E,F,G,a,b,c,d,e.f,g,h,i.j k are coefficient
matrices. In the constraint, the first row constraint is the first stage
constraint, corresponding to (21), (33), (42), (46), (50)-(53); the second
row constraint is the second stage constraint, corresponding to (19)-
(20); the third row constraint is the third stage constraint, corresponding
to (22)-(32), (34)-(41), (43)—(45), (64)—(65); the fourth and fifth row
constraints are contained in the first stage constraints, which refer to the
constraints of PV prosumer aggregator or common user aggregator,
corresponding to (17)-(18), (47), (54)-(59).

5.2. Linearization of bilinear terms

In (66), the first stage of the model encompasses a Stackelberg game
model, where the lower-level PV prosumer aggregator or common user
aggregator model can be formulated as (67).

min(w'q + F

4 (w'q -+ Fa) 67)

s.t.kquG )

Since the Stackelberg game model cannot be directly solved, it is
necessary to equivalently incorporate the lower-level model using KKT

conditions and add them to the upper-level constraints. The KKT con-
ditions for (67) can be expressed as (68).

T T __
{w +F+6k"=0 68)

0<(G — kq) L8>0

In (68), the second row constraint is a complementary relaxation
constraint, which needs to be linearized by the big-M method. The linear
transformed model can be represented in (69).

wl+F+6k" =0
0<G — k'g<My (69)
0<6<M(1 —v)

In (69), M represents a large positive value; v is an introduced
Boolean variable; § is an introduced dual variable.

Additionally, the bilinear term w”q can be linearized as (70) using
strong duality theory.
wiqg= —6"G—-Fq (70)

Thus, (66) can be transformed into (71).
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A'x +6"G + Fq+

min A(,',l,z (Pf” + P;’xt) + +
xeXweWw
1 jedj# m 2

P + P
2 +

iyt Jit

2

max minv’y+
vev YEY

maxminB”z (71)
uclU zeZ

s.ta’x +b'w<C
c’x+d"v+e'y<D
fix+gv+h'y+i"u+jz<E
w' +F+6k" =0
0<G — k' g<My

0<6<M(1 — )

5.3. AOP-looped C&CG algorithm

To efficiently solve the recast (71), the three-stage robust optimiza-
tion part of the model must be solved first. To address the computational
challenges, we design and implement the AOP-Looped C&CG Algorithm.
The algorithm consists of two solving loops: the Outer-Loop C&CG and
the Inner-Loop C&CG.

1) Outer-Loop C&CG

According to the (71), the Outer-Loop C&CG is implemented in a MP-
SP scheme.
®The MP can be represented in (72).
min ATx +8"G+Fq+n
xeXweW
s.ta’x +bTwgC
w +F+6k" =0
0<G — k"q<My
0<6<M(1 —») (72)
cTx+dv! + e’y'<D,Vi<m
fx+gv +n"y'+
iTu™ + T <E,Vi<m
v’y + B'Z \Vi<m

In (72), m represents the iteration index. 7 is an introduced auxiliary
variable used to link MP and SP. v"! and u™! correspond to the worst-case
scenarios of electricity price and source-load, respectively, obtained
from SP in the [-th iteration. By solving MP and obtaining x", it can be
substituted into SP.

@The SP can be represented in (73).

max minv'y + maxminB"z
vey YeY uel zeZ

ste’x” +d"v + e"y<D (73)
fix" +g'v+nTy+

i'u+ szsE

2) Inner-Loop C&CG.

According to the (73), the Inner-Loop C&CG is implemented in a
SPM-SPS scheme.

(M®The SPM can be represented in (74). The specific derivation pro-
cess is shown in (A3)—-(A6).



Z. Zhang and K.S. Fedorovich

max & (c"x" +d"v — D)+

veVyey

i (17 7 )

T iTu*"’ +jTZT —E

20 (B'7)]

T

+

s.telx” +d"v + e’y<D
fix" +g"v+hTy+
i'u"" 7 <E,Vi<n
@=B 7", Vr<n
v +ae” + " =0,Yr<n 74
1—9y"=0,Vr<n
0<D — (c"x" +d"v +e'y)<MA
0<asM(1 —A)
O0<E-—
< ffx" +gv+ )
<Mo*,V1<n
hTy +iTu".‘[ +szT
0<p'<M(1 — 6%),Vr<n

0<¢p — B'77<Mw*, Vi<n

0<y'sM(1 — o), Vr<n

By solving SPM, values for v* and y" are obtained, which can then be
substituted into SPS.

@SPS can be represented in (75). The specific derivation process is
shown in (A7)-(A8).

max B'z
uclUzeZ
7o I 7%
stf'x +gv +h'y +

i"u+j"z<E

T T
B +§ =0 75)
0<E-—
e g g
x +gv +hy+
S g y <0
i"u+j'z

0<ESM(1 — 6)

3) Pseudo-Code for AOP-Looped C&CG Algorithm.

The pseudo-code of the AOP-Looped C&CG Algorithm for the i-th IES
is shown in Algorithm 1.
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Algorithm 1: AOP-Looped C&CG Algorithm

Outer-Loop C&CG: Set LB = —0, UB = 400, | =

50 21%,0
s .

0,&,v"",u
Repeat
Substitute (v*!, u*!) into MP, derive optimal
(x%, q") and objective objk;p, update LB =
objiyp-

Inner-Loop C&CG: Set [b = —co, ub = +o0,
T=0,¢&.

Repeat

Substitute (x%,q') into SPM, derive
optimal (v*,y") and objective obj¢py ,
update lb = objgpy-

Substitute (x!, q',v%,y%) into SPS, derive
optimal (u%,z%) and objective objgpg,
update ub = (v%)Ty" + objgps.

T=1+ 1.

Until |(ub — Ib)/1b| < &, , return (v",u") as
(v*, ut) to MP.

Update ub=ATx' + (676 + Fq' +
objSpm-
I=1+1.

Until |[(UB—-LB)/LB| <¢ , output optimal

results.

5.4. ADMM algorithm

The ADMM algorithm demonstrates good convergence properties for
large-scale variable optimization problems, while also ensuring the
privacy of information during cooperative operation among entities.
Therefore, we employ the ADMM algorithm to sequentially solve P1:
(71) and P2: (12).

1) P1:Cooperative benefit maximization subproblem.

To thoroughly solve (71), the AOP-Looped C&CG Algorithm is
employed, which solves the three-stage robust optimization. Subse-
quently, the ADMM algorithm is utilized to solve the interaction power
among the three IESs.

The pseudo-code for ADMM in P1 of the i-th IES is shown in algo-
rithm 2.
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Algorithm 2: ADMM for subproblem 1

Setiter; =1, &3, Pij1s lij,lﬂ (] € ]l] * l)

Repeat

Solving the i-th IES model to get Pij.:itterl,

iter; __ ,iter e,iter; +1
Update Aijae = Aijar T pij,1(Pij_t Ty

e,iter;+1
B,
iter e,iter;+1

Calculate  toler; ' = thje],j¢i| petterstt 4

Pe,iter1 +1 2
Jit 2

iter; = iter; + 1.

iter

Until toler; ' < &3, output optimal results.

2) P2:Energy transaction payment subproblem.

By solving P1 to obtain P§, and C;, and substituting C) obtained by
setting the transaction volume to 0 into P2, the ADMM algorithm is then
employed to solve the interaction electricity prices among the three
IESs.

The pseudo-code for ADMM in P2 of the i-th IES is shown in algo-
rithm 3.

Algorithm 3: ADMM for subproblem 2

Setiter, =1, &, Pij2» lij,Zl (] € ]l] * l)

Repeat
Solving the i-th IES model to get pf}fitterz
iter, _ ,iter e,iter,+1
Update Aijot = Aijor T Pij2 (pij,t -
e iter,+1
ji,t :
iter e,iter,+1
Calculate  toler,  * :ZthE/.j¢i| Pije =~
e,iter,+1 2
ji ¢ .
iter, = iter, + 1.

iter,

Until toler, " ? < g,, output optimal results.

5.5. ADMM algorithm coupled with AOP-looped C&CG

The P1 we consider is a three-level Nash three-stage robust optimi-
zation model. Therefore, we propose a coupled AOP-Looped C&CG
ADMM algorithm to fully solve P1. The flowchart of this algorithm is
depicted in Fig. 7.

Remark 5. The solution algorithm (ADMM) for the P2 problem we
consider follows a similar flowchart as shown in Fig. 7. Here, we will not
delve into the details.

6. Case studies
6.1. Basic data and system structure description
In this study, a simulation analysis is conducted using three inter-

connected IESs as an example. There are differences among the IESs,
with PV prosumers present in IES1 and IES3, while IES2 consists solely

10
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Set iter; =1, €3, Ay 1, i1

iter, = iter; + 1 |«

r=——---- Caleulate PI of IEST !
Start

Calculate P1 of IES2
P

Calculate P1 of IES3

Outer-Loop C&CG

&

[Set LB=—o0, UB=+00, 1=0, & |

Solve the MP to update theLB

Tnner-Loop C&CG

Update the AJ7.,

[Set 16 =—o00, ub=1+00, 7=0, &, |

Calculate the toleri™

Yes

Output optimal results

Solve the SPM to update the/b

Output optimal results

Fig. 7. ADMM algorithm flow chart coupled with AOP-Looped C&CG.

of common users.

The predicted electricity price for purchasing and selling electricity
from the external grid, as well as the gas purchase price from the natural
gas company, are shown in Table Al. The parameters for energy con-
version devices, storage devices, efficiency, and operating limits are
presented in Table A2. The algorithm parameters are outlined in
Table A3. The operating and algorithm parameters are consistent across
all IESs. The load and renewable energy output prediction curves for
each IES, as well as the load and photovoltaic output prediction curves
for PV prosumers or load prediction curves for common users, are
illustrated in Fig. Al-Fig. A3. Electricity prices and source-load are
considered as uncertain factors in the system, with uncertainty sets
defined by 10%, 15%, and 10% fluctuations from their predicted value
[22].

The scheduling period in this study is set to 1 day, with a time in-
terval of 1 h for scheduling. All simulation examples are performed on a
microcomputer equipped with an 8-core 2.30GHZ processor and 8GB of
memory. The programming platform used is MATLAB2020b, and the
YALMIP toolbox is employed for model formulation. The GUROBI and
MOSEK commercial solvers are utilized for solving.

6.2. Scheduling plan

6.2.1. Convergence analysis

The convergence curves of operational cost and residual error for
each IES and the IES alliance are obtained by solving P1 using the
ADMM algorithm coupled with AOP-Looped C&CG, as depicted in
Fig. 8. It can be observed that the residual of transactional power reaches
the convergence criterion at the 46th iteration, indicating excellent
convergence performance of the algorithm. Through local communica-
tion and collaborative optimization, the operational cost of each IES
converge to the optimal values of 17,082.74%, 17,287.20¥, and
23,623.73 ¥, respectively. The corresponding operational cost of the IES
alliance gradually converge to the optimal value of 57,993.67 ¥.
Moreover, the adopted distributed optimization method only requires
the exchange of expected interactive power information, eliminating the
need for global communication and effectively preserving the privacy of
all participating entities. The modeling algorithm solution time is
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—e—IES alliance

Cost (¥)
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Iterations

(b) IES alliance
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Iterative residual

Residuals of traded electricity
Convergence criteria
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(c¢) Residual

Fig. 8. P1 distributed iterative convergence of IES.

4167.9 s.

By employing the ADMM algorithm to solve P2, the convergence
curves of transaction cost and residual error for each IES and the IES
alliance are obtained, as shown in Fig. 9. Due to the small scale of the
problem, the residual of transactional electricity price reaches the
convergence criterion after 16 iterations. The transaction cost of each
IES converge to the optimal value of —504.07 ¥, 3436.13 ¥, and —
2931.52 ¥, respectively. Throughout the iteration process, their trans-
action cost exhibit some fluctuations, reflecting the bargaining process
among the three IESs. The corresponding transaction cost of the IES
alliance converge to the optimal value of 0.54 ¥, which is close to 0 and
signifies the internal balance of energy trading. The modeling algorithm
solution time is 20.2 s.

Remark 6. The cooperative game Nash bargaining model between PV
prosumers within [ES1 and IES3 does not require the utilization of the
ADMM algorithm for solving since P1 employs a centralized optimiza-
tion strategy. However, for P2, which adopts a distributed optimization
strategy, the use of the ADMM algorithm is still necessary. The
convergence curves for these models are illustrated in Fig. B1-Fig. B2.

To analyze the performance of the AOP-Looped C&CG algorithm, the
convergence processes of each IES at the 1st and 46th iteration under the
distributed overall problem-solving framework are demonstrated, as
shown in Fig. 10-Fig. 11. The upper and lower bound of the outer
problem objective for each IES continuously approach each other,
satisfying the convergence criterion by the second iteration. The inner
problem requires two iterations to converge during the first outer iter-
ation, while in the second outer iteration, it directly identifies the worst-
case scenario and achieves convergence. Numerically, the decrease in
outer cost is attributed to the strong purchasing behavior of the PV

11

prosumer or common user in the lower level, generating significant
profit that offset the upper-level IES. The three-stage robust optimiza-
tion model for each IES are highly complex and challenging to solve
using conventional method. However, the selected solution approach
exhibits excellent convergence performance.

6.2.2. Interactive power analysis
1) The interaction power between IESs

The energy exchange among IESs is crucial for enhancing the overall
system efficiency, as it no longer relies solely on their individual supply
capabilities. In an energy-deficient system, energy can be purchased
from energy-abundant systems. The scheduling results of electricity
exchange among IESs are illustrated in Fig. 12. Influenced by factors
such as load level, energy price, and multi-energy matching degree, IES2
primarily purchases electricity from other IESs. During the period of
9:00-15:00, when the electricity load level of IES1 and IES3 are rela-
tively low, and there is abundant photovoltaic generation, surplus
electricity is transmitted to IES2, which has lower wind power output
and higher load. During the off-peak period with lower electricity price
at night, the wind power output of IES2 relatively increases, enabling it
to supply electricity to other IESs. It is worth noting that the overall
electricity exchange among IESs sums up to 0 during different time in-
tervals, satisfying the internal balance constraint of the exchange power.

2) The interaction power between PV prosumers

Within each IES, there also exist electricity exchange among PV
prosumers to achieve cooperation and mutual benefit among lower-level
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Fig. 9. P2 distributed iterative convergence of IES.
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Fig. 10. 1st Iteration.

users, as shown in Fig. 13. In IES1, PV prosumers frequently engage in
electricity exchange during different time intervals based on their en-
ergy supply-demand matching degree, further reducing their individual
energy consumption levels. In IES3, PV prosumer3 has a higher pro-
portion of photovoltaic generation, and PV prosumer2 exhibits signifi-
cant differences in load conditions compared to other PV prosumers. As
a result, the energy exchange among PV prosumers becomes more
pronounced. PV prosumerl sells electricity during periods of lower
photovoltaic generation and purchases electricity during periods of
higher photovoltaic generation, while PV prosumer3 exhibits the
opposite pattern. PV prosumer2, on the other hand, predominantly
purchases electricity throughout most time intervals.

12

6.2.3. Worst-case scenario analysis

The worst-case scenario of IES1 obtained through the three-stage
robust optimization model are shown in Fig. 14, while those of IES2
and IES3 are depicted in Fig. B3-Fig. B4. Taking IES1 as an example for
analysis, it can be observed that the obtained worst-case scenario mostly
exhibit increased electricity purchase price, decreased electricity selling
price, increased generation cost, and decreased load shedding. These
results align with the optimal requirement of the robust model for
operating cost under worst-case scenario. Regarding the obtained worst-
case electricity price scenario, the uncertainty in purchase and selling
price mainly occur during the periods of 12:00-14:00 and 19:00-22:00,
which are peak electricity price periods associated with larger price
fluctuations and higher cost increments. It is worth noting that within
the obtained worst-case scenario, there are a few points that contradict
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Fig. 12. Energy trading results between IESs.

the selected upper and lower bounds. This is due to frequent switching of
the state of EES, EHM, and electricity purchase and selling, resulting in
increased scheduling and operational cost for the system, leading to a
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PV prosumer3
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(a) PV prosumer of IES1

higher overall cost value.

6.2.4. Schedule plan analysis

The scheduling and operational plans for IES1 are shown in Fig. 15,
while those for IES2 and IES3 are displayed in Fig. B5-Fig. B6. Taking
IES1 as an example, we will analyze its electricity, heat, and the
scheduling plans for internal PV prosumers. IES1 can achieve a supply-
demand balance for both electricity and heat at any given time interval
within the scheduling period. Regarding the electricity scheduling plan,
the internal photovoltaic generation within the system is given the
highest priority in the energy dispatch, ensuring its full utilization. The
system meets the electricity demand through various means, including
electricity exchange, electricity generation by GHDCHP, electricity
discharge from EES, electricity generation by EHM, and purchasing
electricity from the external grid. During the period of 1:00-7:00, when
electricity prices are relatively low, the system purchases a significant
amount of electricity from the grid. The shortfall is primarily compen-
sated by electricity generation from GHDCHP and electricity purchase
through exchange. Considering the system’s optimization throughout
the entire time period, the EES is charged during this period. From
8:00-11:00 and 15:00-18:00, when electricity prices are normal, the
electricity demand of the system is met through a combination of
GHDCHP and external electricity purchase, with EHM also operating
and selling a portion of the electricity. From 17:00-18:00, as the elec-
tricity demand increases, EHM operates to meet the energy supply

500
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400 PV prosumer3
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Fig. 13. Energy trading results between PV prosumers.
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Fig. 14. Worst case of IES1.

requirements. During 12:00-14:00 and 19:00-22:00, when electricity
prices are at peak levels, the system relies mainly on GHDCHP for energy
supply, with supplemental electricity purchases from the external grid.
EHM and EES discharge a substantial amount of electricity to meet the
demand. From 23:00-24:00, when electricity prices are low, the system
first purchases electricity from the external grid, and any shortfall is
supplemented by electricity generation from GHDCHP. The heat supply
within the system is relatively straightforward, with heat generation
from GHDCHP and a small amount from GB sufficient to meet the heat
demand of the system and PV prosumers.

Within IES1, each PV prosumer in the lower level participates in
demand response activities, reducing their energy demands to lower
energy costs and improve energy utilization efficiency. Each PV pro-
sumer satisfies their electricity demand through rooftop photovoltaic
installations and electricity purchases from IES1, while their heat de-
mand is met by purchasing heat from IES1. There are significant vari-
ations in the matching between the photovoltaic generation and energy
consumption of each PV prosumer. Therefore, they further enhance their
electricity usage efficiency through electricity exchange among
themselves.

By analyzing the scheduling and operational plans of IES1, the
interdependency and coordination among different energy supply
components are observed, working together to meet the load demands.
Similar analyses can be applied to the scheduling and operational plans
of other IESs and the energy consumption patterns of lower-level users.
However, we will not repeat these analyses here.

6.3. Trading pricing strategy

The transaction electricity prices between IESs are obtained through
the solution of P2, as shown in Fig. 16. The transaction prices for each
time interval fall within the range of electricity purchase and sale price
from the external grid, effectively preventing any arbitrage activities
between IESs. Consequently, when an IES experiences an energy
shortage, it prioritizes transactions with IESs that offer lower energy
price and have sufficient energy supply. In turn, the selling IES can gain
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certain profits from these transactions, thereby reducing the overall
operating cost.

Further analysis is conducted on the energy transaction prices within
each IES. The transaction prices for electricity and heat between IES1
and its three internal PV prosumers are shown in Fig. 17, while those for
IES2 and IES3 are displayed in Fig. B7-Fig. B8. In the case of IES1, the
internal selling prices set by IES1 for the three PV prosumers are iden-
tical and fall within the range of electricity purchase and sale prices from
the external grid. The internal heat prices are also determined within
certain limits. These energy prices are established to satisfy the interests
and demands of both IES1 as the upper-level entity and the PV pro-
sumers as the lower-level entities.

Meanwhile, energy sharing transactions between the PV prosumers
within IES1 and IES3 are conducted based on Nash bargaining strategy,
and the resulting transaction electricity prices among the PV prosumers
are shown in Fig. 18 and Fig. B9. Taking the transaction electricity prices
among the PV prosumers within IES1 as an example for analysis, these
prices are lower than the prices for purchasing electricity from the
upper-level IES1. Furthermore, pricing for each time interval is deter-
mined based on the energy consumption patterns of each PV prosumer,
facilitating cooperation and mutual benefit among the PV prosumers.

6.4. Comparison of scheduling plans

6.4.1. Comparative analysis of IES interconnection and independent
operation

In energy dispatch, the EHM plays a significant role in smoothing the
volatility of renewable energy. Its effectiveness is further highlighted
when MIES operate in an interconnected manner, leading to improved
overall energy efficiency. When IESs are interconnected or operate
independently, the EHM dispatch plans for IES1 are shown in Fig. 19,
while those for IES2 and IES3 are displayed in Fig. B10-Fig. B11. Taking
IES1 as an example, we analyze the situations of EHM in the P2H and
H2P states during interconnected and independent operations. During
interconnected operation, P2H is concentrated during off-peak elec-
tricity prices or when there is higher renewable energy generation, while
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H2P is concentrated during peak electricity prices and when renewable
energy generation is lower. This allows for effective utilization of clean
renewable energy generation. Compared to independent operation, both
P2H and H2P energy quantities are smaller during interconnected
operation, as the system prioritizes energy exchange to meet overall
demand and utilizes energy storage devices to further enhance energy
efficiency within the IES.

By solving P1 and P2 through distributed sequential computations,
the final costs of each IES under interconnected operation are deter-
mined. Table 2 presents the cost comparisons before and after trans-
action settlement for each IES. Additionally, the cost comparisons before
and after transaction settlement for the PV prosumers within IES1 and
IES3 are shown in Table B1-Table B2. Taking the cost comparisons
before and after transaction settlement for each IES as an example, it can
be observed that the overall costs of interconnected operation consist of
the costs before transactions and the transaction costs. Through calcu-
lations, it is found that the costs of independent operation, where there is
no energy exchange among IESs, are higher than the overall costs of
interconnected operation. These reductions in costs are 4.59%, 24.81%,
and 1.29% for each IES, respectively, satisfying the cooperative premise
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of Nash bargaining. Moreover, the final costs of the IES alliance under
interconnected operation are significantly lower compared to indepen-
dent operation, with a reduction ratio of 10.63%. This demonstrates the
effectiveness of the proposed method in balancing both the overall
economic benefits and the individual interests of IESs.

6.4.2. Comparative analysis of uncertain scenarios and deterministic
scenarios

A comparison is made between the scheduling operation plan state
variables in Section 6.2.4 and the deterministic scenario. The compari-
son of scheduling operation plan state variables for IES1 is shown in
Fig. 20, while those for IES2 and IES3 are displayed in Fig. B12-Fig. B13.
Taking IES1 as an example, an analysis is conducted. The electricity
mismatch caused by source-load fluctuations can be mitigated through
the utilization of EHM, EES, and direct electricity purchase and sale.
Compared to the deterministic scenario, the differences in time-based
electricity purchase and sale prices are significant, resulting in similar
electricity purchase and sale states. The EHM operates in the P2H state
to produce hydrogen from 3:00 to 4:00, ceases hydrogen production
during the midday period due to insufficient photovoltaic hydrogen
production capacity, and terminates hydrogen production early at
17:00. On the other hand, the EES experiences fluctuations mainly
during periods of high electricity prices. Through optimization of the
scheduling operation plan state variables, the conservatism of the en-
ergy dispatch plan is further improved.

A comparison is made between Section 6.2.4 and the deterministic
scenario in terms of external energy port power variations, aiming to
analyze the impact of multiple uncertainties in electricity prices and
source-load fluctuations on system operation. The external energy port
power variations for IES1 are shown in Fig. 21, while those for IES2 and
IES3 are displayed in Fig. B14-Fig. B15. Taking IES1 as an example, an
analysis is conducted. The robust uncertainties in electricity prices and
source-load fluctuations allow the system to rely on external energy
purchases to meet its reserve requirements. However, due to considering
the worst-case scenario, the system no longer sells electricity to the
external grid but adjusts its electricity purchases based on the worst-case
scenario obtained. Overall, the system’s electricity purchases and gas
purchases are increased compared to the deterministic scenario.

6.5. Model advantage comparison and sensitivity analysis

The proposed method is compared with a deterministic optimization
model, a static robust optimization model, and a two-stage robust
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Table 2
Pre- and post-trade settlement costs for each IES.
Cost IES1 1IES2 1IES3 IES
alliance
Independent operation 17,338.84 25,864.67 20,958.29 64,161.80
cost/$
Interconnection operation 17,082.74 17,287.20 23,623.72 57,993.67
without transaction cost/
$
Transaction cost/$ —504.07 3436.13 —2931.52 0.54
Final cost of 16,578.67  20,723.33  20,692.20  57,994.20
interconnection
operation/$
Cost reduction value/$ 760.17 5141.34 266.09 6167.60

optimization model that only considers source-load uncertainties. The
results are shown in Table 3. It can be observed that compared to the
deterministic optimization model, the model proposed in this paper
takes into account the multiple uncertainties in electricity prices and
source-load fluctuations. Although the operating costs are higher, the
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system’s loss of load is significantly reduced, better meeting the system’s
energy supply demands. Compared to the static robust optimization
model, the proposed model shows significant improvement in conser-
vatism. Compared to the two-stage robust optimization model, the
operating costs are increased in the proposed model. This is because the
proposed model also incorporates the uncertainties in electricity prices
into the operating costs, which cannot be ignored in practical operation.
The loss of load [25] is an evaluation metric used to represent the system
risk.

The sensitivity analysis of system uncertainties is conducted using a
multi-run simulation approach. The uncertain variables are randomly
assigned a number of time periods equal to their uncertainty value and
are sampled randomly within their respective sets. This process is
repeated 500 times to generate practical scenarios for electricity prices
and source-load. The uncertainty level is uniformly represented by the
uncertainty ratio, which ranges from 0 to 1 with a step size of 1/6,
indicating the proportion of uncertain time periods to the total time
periods. The corresponding total operating costs and loss of load vari-
ations are shown in Table 4. It can be observed that the operating costs
are positively correlated with the uncertainty ratio, while the loss of load
is negatively correlated. This reflects the influence of uncertain pa-
rameters on robust scheduling plans. When the uncertainty ratio is 0,
corresponding to the deterministic optimization results, the system
achieves the lowest costs but experiences the highest loss of load. This
high return is accompanied by high risk. As the uncertainty ratio in-
creases, the costs continue to rise due to the consideration of more un-
certain time periods. However, the system’s reserve capacity increases,
leading to a gradual reduction in the loss of load and an enhancement in
the reliability of energy supply. When the uncertainty ratio is 1, repre-
senting the consideration of uncertainty in all time periods, the loss of
load is smaller, but the operating costs are higher. Achieving low risk
requires a significant investment. Reasonable uncertainty parameters
are essential to meet the load requirements in uncertain time periods
effectively.

Upon comprehensive comparison, this paper takes into account the
multiple uncertainties in electricity prices and source-load, which pro-
vides advantages in terms of both economic performance and robust-
ness. Additionally, the adjustments are more flexible. It is worth noting
that the uncertainty-related parameters in the case study are analyzed
from an overall perspective, and the parameters are consistent across all
IESs. In practical implementation of scheduling strategies, each IES can
adjust its operational strategies flexibly by selecting appropriate un-
certainty parameters based on its own circumstances, thus achieving a
balance between returns and risks.

7. Conclusion

This paper focuses on the MIES distributed P2P electricity trading
considering the multiple uncertainties in electricity prices and source-
load, incorporating EHM and GHDCHP. A three-level Nash three-stage
robust optimization model is proposed to capture the coupling rela-
tionship between the game and robustness. Finally, an ADMM algo-
rithm, coupling AOP-Looped C&CG, is proposed to solve the proposed
model in a distributed manner. The main conclusions are as follows:

1) The proposed IES, which integrates EHM and GHDCHP to couple
multiple energy flows, serves to mitigate the volatility of renewable
energy and improve the overall energy efficiency of the system.

The proposed Nash-Stackelberg-Nash game framework in this paper
serves two purposes. On one hand, the individual characteristics
between IESs and users can be effectively described through the
master-slave game, allowing the decoupling of interests between
sources and loads. [ESs can guide users to respond to demand by
setting energy prices. On the other hand, the Nash game between
IESs and PV prosumers enhances the economic benefits of the IES

2
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Fig. 21. Changes in the power of the external energy port of IES1.
Table 3

Comparison of model advantages.

model operation cost/ ¥ load shedding/kwW
this article 57,993.67 1600.51

certainty 51,290.33 3832.66

static robust 59,774.21 1502.43
two-stage robust 55,239.38 189.72

Table 4
Sensitivity analysis.

proportion of uncertainty operation cost/ ¥ load shedding/kW

0 51,290.33 3832.66
1/6 54,188.85 2760.19
2/6 56,011.56 2008.10
3/6 57,993.67 1600.51
4/6 59,142.97 487.60
5/6 59,963.28 38.76

1 60,423.00 0
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alliance and PV prosumer alliance, while ensuring fairness in the
interests between [ESs and PV prosumers.

The proposed three-level Nash three-stage robust optimization
model in this paper can effectively address the risks brought by the
multiple uncertainties in electricity prices and source-load,
achieving a balance between the economic performance and
conservatism of multiple IESs. Additionally, the distributed solution
of this model using the proposed ADMM algorithm, coupling AOP-
Looped C&CG, exhibits excellent convergence performance.
Considering the multiple uncertainties in electricity prices and
source-load, the robust scheduling plan of the system experiences an
increase in operational costs and an improved ability to cope with
risks. The conservatism of the plan is dependent on the values of
uncertain parameter sets. In practice, each IES can flexibly adjust its
operational strategy by selecting appropriate uncertain parameters
based on its individual circumstances, achieving a balance between
benefits and risks.

3)

4

—

In the next step, the actual distribution characteristics of electricity
prices and source-load will be investigated to reduce the conservatism of
robust optimization by considering the uncertainty set of multiple in-
terval electricity prices and source-load. Due to the integration of mul-
tiple heterogeneous energy sources (electricity, heat, gas, and hydrogen)
within the Integrated Energy System (IES), the power distribution
network not only includes an electrical grid and a heat network but also
incorporates natural gas pipelines and hydrogen pipelines. Conse-
quently, the external energy grid, along with internal energy conversion
devices, provides energy to meet the load requirements and ensures the
supply-demand balance.
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Appendix A. Appendix
(1) A Nash bargaining model is proposed for cooperative game among PV prosumer aggregator members.

For the subproblem P1 of maximizing cooperation benefit, the decision model for the i-th PV prosumer can be formulated as (A1).

min Clran + Cdr
qu( ) (A1)
s.t.(47). (54) — (59)
The decision model for the i-th PV prosumer can be formulated as (A2) for the subproblem P2 of energy transaction payment.
S CRIAS DN
- jeljti
nun lij.},t (p;_.;ran _ p;,.!rran) +
Pij3 || etran e tran ||2 (A2)
T By T i B

SLUP = U+ D0 piipi0

tjelj#i

(49)

In (A2), 43, is the Lagrange multiplier, p; , is the penalty factor, U? represents the cost for the i-th PV prosumer when not participating in energy

transactions, which can be obtained by setting the transaction volume to 0, and U; represents the optimal cost obtained by solving the subproblem of
maximizing cooperative benefits for the i-th PV prosumer.

(2) Derivation of SPM
maxminv’y + ¢
vey YEY
ste’x" +dv+e'y<D : a
x4+ gTv+n"y+ (A3)

i'u"" +j7°<E - 7, Vr<n

@=B"7 ¥ Vrn

Since (A3) is a bi-level optimization problem, it is necessary to convert the lower-level model into upper-level constraints using the KKT conditions.
The complementary slackness constraints introduced in the KKT conditions are linearized using the big-M method. The linearized model can be
represented in (A4).

max vy + ¢
veVyey

ste’x” +d"v + e'y<D
X +gv+n"y+
i"u" 4+ j 7 <E, Vr<n
@=>B"7" Vr<n
v +ae” + A" =0,V<n
1—9"=0,Vr<n
0<D — (¢"x" +d"v +e"y)<MA
0<a<M(1 —A)
O0<E-—
fix +g'v+
(hTy +i'u" +j7
0<F<M(1 — 67), Vi<
0<p — B'7°<Mw",V1<n

0<y'sM(1 — o"), Vr<n

(A4)

> <Mo",V1<n

In (A4), M is a large positive value. A, 6, @ is an introduced Boolean variable, a, §,y is an introduced dual variable. n represents the iteration index,
@ is an introduced auxiliary variable used to link SPM and SPS, and ™ corresponds to the worst-case scenario of source-load obtained from SPS in the
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7-th iteration.
Furthermore, the bilinear term v’y can be linearized as (A5) using the strong duality theory.

(ﬁf)r< f'x +g'vt )
E

viy=a' (¢"x" +d"v—D) +
( ) Z: iTu*.z +sz1 _

+ [0 (B'2) ] 0 (A5)
Thus, (A4) can be transformed into (A6).

max o’ (ch# +d"y — D)+

veVyeY

o X gt
S o (T8
T iu'+jz7—E

20 (B'7) ]

T

+

stelx" +d"y + e’y<D
fx" +glv+n"y+
i'u"" +j 7 <E,Vr<n
@=B"7 Vr<n
v +ae” + A" =0,Vi<n (A6)
1 —y" =0,Vr<n
0<D — (c"x" +d"v +e'y)<MA
0<asM(1 — A)
0<E—-
< x" +g"v+ >
<Mo"*,V1<n
By+i'u " +jz
0™ SM(1 — 6%),Vr<n

0<p — B'7"<Mw", V1<n

0<y'sM(1 — o"), Vz<n

(3) Derivation of SPS

maxminB"z
uelU zeZ

stffx’ +glv' +n"y'+ (A7)
i'u+j72<E : &
Due to (A7) being a bi-level optimization problem, it is necessary to convert the lower-level model into upper-level constraints using the KKT
conditions. The complementary relaxation constraints introduced in the KKT conditions are linearized using the big-M method. The linearized model
can be represented in (A8).

max B'z
uclUzeZ
stfx" +g™v' +hTy'+

i'u+jz2<E

T T
B +&§ =0 (A8)
0<E—
fix +g'v +h'y' +
( i'u+j"z MO

0<ESM(1 - 6)

In (A8), M is a large positive value, 0 is an introduced Boolean variable, and € is an introduced dual variable.
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Table Al

Forecast electricity price and actual gas price.

Applied Energy 358 (2024) 122557

Period of time Time Purchase price( ¥ /kWh) Sale price( ¥ /kWh) Gas price( ¥ /m3)
Peak time 12:00-14:00, 1.20 0.60 2.2
19:00-22:00
Valley time 01:00-07:00, 0.40 0.20
23:00-24:00
Usually 08:00-11:00, 0.75 0.40
15:00-18:00
Table A2
System parameter.
QHES ap2y QAH2p Pres Vgrid
6.5 2.57 1.55 0.5 0.8
QEES Aoy a?ut P, :’r:ld); P.s‘ﬂ]x
0.01 0.5 0.4 2000 2000
a§HP aSHP aSHP P aSHP
3.021 0.9919 6.063 0.5002 1.487
agHP agHP PCHP aEHM oM
0.4933 0.85 3000 0.04086 35.46
P PR PR PR Pu,
100 1000 100 1000 0.0899
St St ac® Piax Poi
90 270 8.73 3000 300
Pix bco, /(kg/kW) Nais SEES SEES
300 0.95 0.95 300 900
Pg‘.min Pfj.max p;:?in pfjnr]r?ax 5ut
—200 200 —200 200 0.15
B Piinax hlnae
0.15 1000 1000
Table A3
Algorithm parameter.
£ €2 v0 u"® €3
0.01 0.01 prw. pll PVT. PPV, f)l:ad‘ ﬁ;“‘d 0.01
€4 Pija /13',1 Pf].'o €4
0.01 0.01 0 0 0.01
Pij2 23‘2 pfj'o €5 Pij3
10 0 0 0.01 10
/19 3 e.tran,0
i ij
0 0
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Fig. B1. P2 distributed iterative convergence of PV prosumer inside IES1.

The ADMM algorithm was employed to solve P2, yielding the convergence curves of transaction costs and residual errors for each PV prosumer and
PV prosumer alliance, as shown in Fig. B1. Due to the small scale of the problem, the convergence criterion for transaction price residuals was met after
17 iterations. The transaction costs for each PV prosumer converged to their optimal values of 297.34 ¥, 935.35 ¥, and — 1232.58 ¥, respectively.
During the iterations, these transaction costs exhibited some fluctuations, reflecting the bargaining process among the three PV prosumers. The
corresponding transaction costs for the PV prosumer alliance converged to an optimal value of 0.11 ¥, which is close to zero, indicating the internal
balance of energy transactions. The computational time for solving the model algorithm was 22.5 s.
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Fig. B2. P2 distributed iterative convergence of PV prosumer inside IES3.

The ADMM algorithm was utilized to solve P2, resulting in the convergence curves of transaction costs and residual errors for each PV prosumer
and PV prosumer alliance, as illustrated in Fig. B2. Due to the relatively small scale of the problem, the convergence criterion for transaction price
residuals was achieved after 15 iterations. The transaction costs for each PV prosumer converged to their optimal values of 392.73 ¥, 554.62 ¥, and —
947.14 ¥, respectively. Throughout the iterations, these transaction costs exhibited some fluctuations, reflecting the bargaining process among the
three PV prosumers. The corresponding transaction costs for the PV prosumer alliance converged to an optimal value of 0.21 ¥, which closely
approached zero, thus reflecting the internal equilibrium of energy trading. The computational time for solving the model algorithm was 14.9 s.
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Pre- and post-transaction settlement costs for each PV prosumer within IES1.
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Cost

PV Prosumerl PV Prosumer2

PV Prosumer3

PV Prosumer alliance

Independent operation cost/$

Interconnection operation without transaction cost/$
Transaction cost/$

Final cost of interconnection operation/$

Cost reduction value/$

13,637.04 11,486.73
12,982.34 10,201.48
297.34 935.35
13,279.68 11,136.83
357.36 349.90

8006.84
9042.76
—1232.58
7810.18
196.66

33,130.61
32,226.58
0.11
32,229.69
903.92

Table B2

Pre- and post-transaction settlement costs for each PV prosumer within IES3.

Cost

PV Prosumerl PV Prosumer2

PV Prosumer3

PV Prosumer alliance

Independent operation cost/$

Interconnection operation without transaction cost/$
Transaction cost/$

Final cost of interconnection operation/$

Cost reduction value/$

11,051.73 6227.54
10,253.54 5462.34
392.73 554.62
10,646.27 6016.96
405.46 210.58

4729.32
5468.74
—947.14
4521.60
207.72

22,008.59
21,184.62
0.21
21,188.83
823.76
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Fig. B12. Comparison of state variables of IES2 scheduling operation plan.
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Fig. B13. Comparison of state variables of IES3 scheduling operation plan.
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Fig. B14. Changes in the power of the external energy port of IES2.
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