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ABSTRACT: With the rapid development of renewable energy, the Microgrid Coalition (MGC) has become an
important approach to improving energy utilization efficiency and economic performance. To address the operational
optimization problem in multi-microgrid cooperation, a cooperative game strategy based on the Nash bargaining model
is proposed, aiming to enable collaboration among microgrids to maximize overall benefits while considering energy
trading and cost optimization. First, each microgrid is regarded as a game participant, and a multi-microgrid coopera-
tive game model based on Nash bargaining theory is constructed, targeting the minimization of total operational cost
under constraints such as power balance and energy storage limits. Second, the Nash bargaining solution is introduced
as the benefit allocation scheme to ensure individual rationality and coalition stability. Finally, the Alternating Direction
Method of Multipliers (ADMM) is employed to decompose the centralized optimization problem into distributed
subproblems for iterative solution, thereby reducing communication burden and protecting privacy. Case studies reveal
that the operational costs of the three microgrids are reduced by 26.28%, 19.00%, and 17.19%, respectively, and the overall
renewable energy consumption rate is improved by approximately 66.11%.
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1 Introduction

With the ongoing global energy transition, microgrids (MGs) have emerged as an innovative paradigm
for distributed energy management, playing an increasingly vital role in modern power systems [I-3].
By integrating distributed generation units, load demands, and energy storage systems, microgrids are
capable of operating in both grid-connected and islanded modes, thereby significantly enhancing system
operational flexibility and supply reliability [4-6]. However, individual microgrids still face challenges such
as high operational costs and limited regulation capability when dealing with load fluctuations, intermittent
renewable energy output, and dynamic electricity market prices [7-9].

To address these issues, multiple microgrids can coordinate to form a Microgrid Coalition (MGC).
Through energy sharing, resource complementarity, and collaborative optimization, MGCs not only improve
overall economic efficiency and local consumption of renewable energy but also effectively reduce trans-
mission and distribution costs while enhancing grid operational security [10-14]. Acting as an integrated
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controllable entity, MGCs can further collaborate with the distribution network to ensure power supply
reliability [15-17].

Extensive research has explored cooperative optimization strategies for multi-microgrid systems.
For example, references [18,19] developed cooperative game models based on Nash bargaining theory to
facilitate mutually beneficial transactions among microgrids on the distribution side. References [20-22]
applied cooperative game theory to microgrid energy management but encountered challenges due to high-
dimensional and nonlinear optimization problems. Reference [23] proposed a hybrid game optimization
model and solved it using a combination of the bisection method and the Alternating Direction Method of
Multipliers (ADMM). References [24,25] addressed the limited market competitiveness among independent
microgrids by constructing a cooperative trading model with Nash bargaining-based benefit allocation and
optimization of trading rights and electricity pricing. Although these studies have achieved notable progress,
significant challenges remain due to the structural heterogeneity, diverse supply-demand characteristics, and
differing economic objectives among microgrids, which complicate system-wide cooperative optimization.

The major challenges to be addressed include: (1) The high dimensionality and strong nonlinearity of
optimization problems arising from heterogeneous system characteristics, increasing solution complexity;
(2) Competitive relationships among microgrid operators, which necessitate privacy-preserving optimiza-
tion approaches; (3) The limited scalability and efficiency of centralized optimization methods, highlighting
the urgent need for distributed, efficient, and convergence-guaranteed optimization frameworks.

To tackle these challenges, this paper proposes a cooperative game theory-based optimization strategy
for multi-microgrid energy trading. The main contributions are as follows:

(1) A distributed optimization framework based on the Alternating Direction Method of Multipliers
(ADMM) is developed, enabling problem decomposition and auxiliary variable introduction to
achieve local subproblem solving and multi-agent coordination;

(2) A model equivalence transformation and decomposition approach is adopted to address the non-
convexity and nonlinearity caused by system heterogeneity, dividing the original problem into
two tractable subproblems: minimizing the total operational cost of the microgrid coalition and
minimizing energy transaction payments, thereby improving computational efficiency;

(3) Extensive simulations validate the proposed strategy, demonstrating significant improvements in
renewable energy utilization, balanced economic benefits among participants, and overall reductions
in system energy costs.

The remainder of this paper is organized as follows: Section 2 formulates the operational optimization
model for a single microgrid; Section 3 develops the cooperative alliance and energy trading model for
multiple microgrids; Section 4 proposes the distributed solution strategy based on Nash bargaining theory
and ADMM; Section 5 presents case studies to validate the proposed method; and Section 6 concludes the
paper and outlines future research directions.

2 Microgrid Operational Optimization Model

Microgrids, as critical components of distributed energy systems, directly influence the collaborative
efficiency and overall economic performance of multi-microgrid systems. To establish a game-theoretic
model for multi-agent optimal dispatch, it is essential to begin with an individual microgrid, systematically
characterizing the operational behaviors of its key internal equipment, energy management mechanisms,
and cost structures. Based on a typical microgrid architecture, mathematical models are constructed for wind
turbine (WT), photovoltaic (PV) generation, gas turbines (GT), combined heat and power (CHP) units,
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electrical energy storage, and demand-responsive loads. Furthermore, by incorporating equipment opera-
tional constraints and market environmental factors, a comprehensive cost-benefit function is formulated to
represent microgrid participation in electricity markets.

2.1 Single Microgrid Operation Model

The single microgrid generation model established in this study includes WT, PV, CHP, GT. The energy
storage model primarily focuses on electrical energy storage systems (ESS). The system architecture of the
single microgrid is shown in Fig. 1.

(1)  Wind and Photovoltaic Power Generation Models
The constraints for wind power generation in microgrid i equipped with wind turbines are
formulated as follows:

0<Plyr <PNyr <P VEeT,VieN M
0<Plpy <Py <P VteT,VieN 2)

In the equation, N denotes the number of microgrids in the multi-microgrid alliance; T represents
the daily scheduling horizon with hourly time intervals, where T = {1,2,...,24}; P\, and P},
indicate the wind power generation output and photovoltaic power generation output of microgrid
t at time f, respectively; P, and PJy specify the installed capacities of wind power units and
photovoltaic units, respectively; P\{"; and P;py define the maximum installable capacities of wind
power units and photovoltaic units, respectively.
(2) CHP Unit Model

t _ t
Pi cup,e = Mcup.ePi chp g

t _ t
P cupn = MeupnPicup g

t R max (3)
0< Pi,CHP,g < Pi,CHP,g < Pi,CHP,g
t+1 t rp
Pi,CHP,g - Pi,CHP,g < Pi,CHP,g

In the equation, P} ;p. ¢ represents the natural gas power input to the CHP unit in microgrid j
at time ¢; Pl.t’CHP’E and Pl.t)CHP)
CHP unit in microgrid j at time t, respectively; #cup,. and ncpp,, indicate the electrical and thermal

, represent the electrical power output and thermal power output of the

conversion efficiencies of the CHP unit, respectively; PR, g and P&, o correspond to the installed

capacity and maximum investment capacity of the CHP unit in microgrid j; Pir,pCHP’ g specifies the
maximum ramp rate of the CHP unit in microgrid j.
(3) Gas Turbine Model

t _ t
PGB = WGBPi,GB,g

t R max
0< Pi,GB,g < Pi,GB,g < Pi,GB,g

(4)

In the equation, P/ ;p ¢ represents the natural gas power input to the gas turbine in microgrid
i at time £ Pf GB.g denotes the thermal power output from the gas boiler in microgrid i at time t;
Pt g and P} o indicate the installed gas capacity and maximum investment capacity of microgrid
i, respectively.
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Electrical Energy Storage Model

This paper takes the energy storage system equipment as an example for study. Energy storage
can smooth the intermittent generation of renewable energy, charging during low-load periods and
discharging during peak load periods to stabilize the power load, while taking advantage of time-of-use
electricity pricing for arbitrage. It can also provide backup power during power supply interruptions

to improve the system’s security and stability.
t
< by Pei™

t t max
0< P',dis < bi,dispdis

1

0< P!

i,ch =

P
St =8I+ P, gy, — =358 (5)

t t
bch + bdis <1

0<Sf< SR < gmax

In the equation, P/, and P} ;; represent the charging and discharging power of the energy storage
device of microgrid i at time ¢; P1;** and PJ}%* represent the maximum charging and discharging power
of the storage device, respectively; b; , and b; ;- are binary variables indicating whether the storage
device is charging or discharging at time ¢; storage devices cannot charge and discharge simultaneously.
fcn and 74,5 are the charging and discharging efficiencies of the storage device, respectively; S* is the
energy stored in the storage device of microgrid i at time ¢, $;* and $;™** are the investment capacity
and the maximum investment capacity of the energy storage device in microgrid i, respectively.

Demand Response Load Model

The demand response loads in power systems mainly include various types such as energy-saving
loads, cooling loads, and high-efficiency power loads. The implementation of demand response loads
can yield multiple benefits: effectively alleviating peak-valley differences in the system and improving
overall energy efficiency; significantly reducing carbon emission intensity to support the realization
of low-carbon power; optimizing system operation costs and enhancing economic performance;
facilitating the integration of renewable energy and promoting the development of clean energy;
smoothing power fluctuations on the generation side and enhancing system stability. Through flexible
regulation methods, load resources can significantly improve the operational efficiency and economic
performance of the power system, effectively enhance grid flexibility and power supply reliability,
provide strong support for smart grid development, and drive the power system toward a more efficient,
intelligent, and sustainable direction.

T

t —
> P; pr = Pi,pr
t=1

t,min t t,max
Pi,DR < Pi,DR < Pi,DR

(6)

T
In the equation, tZ_jl P} pr = Pi,pr represents the total amount of shiftable demand response load

for microgrid i over the entire specified operation time period. P! ,, denotes the demand response

load that microgrid i shifts to time t; P{'[};" and P{"}** represent the minimum and maximum shiftable

demand response load that microgrid i can move to time ¢, respectively.
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Figure 1: Structure of the microgrid

2.2 Cost-Benefit Model of Microgrid Participation in the Electricity Market

An objective function is constructed to minimize the daily operational cost of the microgrid.
min Ctol =Cg+Com+Cp (7)

In the equation, Cy,; represents the total cost of the microgrid alliance; Cp is the cost function for
transactions between the microgrid and the upper-level grid; Co  is the cost function of internal operational
components within the microgrid; Cp denotes the cost function of loads participating in demand response
strategies.

1. Transaction Cost between Microgrid and the Upper-Level Grid
When local generation is insufficient to meet demand, the microgrid can purchase electricity from
the upper-level grid. Conversely, if the microgrid has surplus local generation, it can sell electricity back
to the main grid under a feed-in tariff contract.

N T
b b ssell pup,sell
Cp= ) Y (WP Byt — agreetipyteett) (®)
n=1 t=1
In the equation, N represents the total number of individual microgrids in the multi-microgrid
alliance; A7 P47 and il *!! denote the selling and purchasing electricity prices between the microgrid

and the upper-level grid during a specific time period, respectively; P, ,pt’b“y and P, f;‘se” represent the

power sold to and purchased from the upper-level grid by the ny, microgrid at time t, respectively.

2. Cost of Internal Operational Components of the Microgrid
minCoym = Cwr + Cpy + Cenp + Cor + Css )

In the equation, Cywr, Cpy, Cgr, Ccup and Cggs represent the total daily operating costs of wind
turbine units, photovoltaic units, CHP units, and the energy storage system, respectively.
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Daily Operating Cost of Wind Turbine Units

M’\I

DP oM
Cwr = [CWT ¢t CWTt] At

~
1l

1

ZT: ciir r(l+r)™7
| 876071 (1+ 7)™ -

(10)

P KQUPT (At

In the equation, ¢}, and c{}{ , represent the investment depreciation cost and operation &

maintenance cost of wind turbine units, respectively. c%Z- and kS denote the unit capacity installation
cost and unit operation cost coeflicient of the wind turbines, respectively. 7y 1 represents the capacity
factor of the wind turbines; r is the annual interest rate; ny 7 is the lifespan of the wind turbines.

Daily Operating Cost of PV Units

T
CpV Z [C?{; ¢ + CPV t] At

(11)

_ET: Cpy r(1+:)nw PPV 4 kOMPPV At
=1 8760Twr (1+71)""" —

In the equation, c?{; . and ¢9 PV , represent the investment depreciation cost and operation &
maintenance cost of the photovoltaic (PV) units, respectively; ¢4, and k5;' denote the unit capacity
installation cost and the unit operating cost coefficient of the PV units, respectively; 7py is the capacity
factor of the PV units; 7 is the annual interest rate; npy is the lifespan of the wind turbines.

Daily Operating Cost of Gas Turbines

T

I

Cer = 21 [CGT CGT T CéuTet + G, t] At
t=

(12)

Z CgZT r(l + r)"c'[ kOM + kfuel + é (k +k ) PGT At
: . “.
=1\ 87607gr (1+7)"or -1~ OT T TOT T A PRI

. uel . s .
In the equation, cg IT) " cg %’I £ céT ;and ch , represent the investment depreciation cost, operation

& maintenance cost, fuel cost, and environmental cost of the gas turbine, respectively; c{% is the
capacity factor of the gas turbine; ng is the lifespan of the gas turbine; k22 and k¢! denote the unit
operation & maintenance cost coefficient and the fuel cost coeflicient of the gas turbine, respectively; ]
represents the total number of pollutant types emitted by the gas turbine; «; denotes the unit emission
intensity of the jth pollutant emitted by the gas turbine (the pollutants mainly include CO,, CO, SO,
NOx); k.jand k,; represent the unit environmental value and unit environmental penalty cost for the
emission of the jth pollutant, respectively.

Daily Operating Cost of CHP Units

T
_ DP oM fuel E
CCHP - tz—:l I:CCHP)t + Coup,t te Conpt + CCHPJ:I At

(13)

T c’z r(1+r)nCHP ji
CHP kOM + kfuel + ke‘ +)k. ) o | PCHR | AL
g [(8760TCHP (1 + r)"(,T CHP CHP ng( J P]) ] t

. DP oM fuel E . e
In the equation, c¢cyp ;> Cepp.p» Copp,y and coyp,, represent the investment depreciation cost,

operation & maintenance cost, fuel cost, and environmental cost of the CHP (Combined Heat and
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Power) units, respectively; ¢, is the capacity factor of the CHP unit; ncyp is the lifespan of the
CHP unit; k2%, and k¢!, denote the unit operation & maintenance cost coefficient and the fuel cost
coefficient of the CHP unit, respectively.

(5) Daily Operating Cost of Electrical Energy Storage

M~

_ DP oM
Cess = : [CESS,t + CESS,t] At

1
(14)
rep

_ cpss r(1+1)"" |PESS‘+kOM PESS| At
=1 P IRE R R s

In the equation, cg{s , and c2{¢ , represent the depreciation cost and operation & maintenance
cost of the electrical energy storage system, respectively; ¢+ is the replacement cost of the energy
storage system; Q] is the total charge/discharge energy over the entire life cycle of the storage system,
which is the product of its rated capacity, depth of discharge, and total number of cycles; k92t denotes
the unit operation & maintenance cost coefficient of the energy storage system.

3. Load Cost Considering Demand Response Strategy

Since the thermal load is less affected by electricity prices, this paper primarily focuses on the
electricalload in the demand response section. The demand response in this study is implemented under
a time-of-use pricing strategy. By treating the controllable load within the electrical load as a decision
variable responding to incentive electricity prices, the optimization of load-side resource allocation
can be achieved to reduce peak demand and fill valleys. During peak pricing periods, the connected
power of controllable loads is reduced, while during oft-peak pricing periods, the controllable load is
increased under system constraints to ensure the lowest total operating cost of the system load. The
specific formulation is given in Fq. (15):

n=1t=1 ’ (15)

In the equation, ¢/ Y represents the real-time peak/off-peak electricity price; PLf denotes the

real-time power of the controllable load in the nth microgrid (MG); o, is the controllable load factor
associated with the controllable load in the nth MG and serves as a decision variable; P%*¢ indicates
the total load power value of the nth MG during time period t. Under demand response incentives, the
sum of the fixed load and controllable load should remain unchanged.

3 Multi-Microgrid Cooperative Alliance

Building upon the independent operational optimization modeling of microgrid systems, the key
to further enhancing the efficiency of energy resource allocation and the overall system performance
lies in the coordinated interconnection and energy interaction among multiple microgrids. Considering
the differences in resource endowments, load characteristics, and operational strategies of individual
microgrids, establishing an effective cooperative alliance mechanism is of great significance for achieving
system-level optimization. Based on the physical structure and information interaction architecture of the
multi-microgrid system, this study analyzes the internal energy flow characteristics and power exchange
constraints. On this basis, an electric energy trading model among multiple agents is developed, laying the
foundation and providing theoretical support for constructing a cooperative optimization scheduling and
benefit allocation mechanism based on game theory.
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3.1 Multi-Microgrid Alliance System

The microgrid cooperative alliance architecture studied in this paper is shown in Fig. 2. To avoid
significant energy losses caused by long-distance thermal energy transmission, the system’s thermal load is
entirely supplied by local heat sources, without relying on the upstream thermal network. Microgrids can
directly purchase electricity and gas from the upper-level distribution network and natural gas network.
Considering that regional microgrids are located at the terminal connection points of the upper-level energy
networks, beyond their routine operation and maintenance scope, and to ensure the stability of energy
transmission in the main network, it is assumed that energy trading is unidirectional (i.e., energy can
only be purchased and not sold back to the upstream network). To enable collaborative operation among
regional multi-microgrids, a dedicated local power transmission network and thermal pipelines have been
built within the alliance. This architectural design eftectively avoids disordered energy interactions, reduces
frequent energy exchanges with the upstream network, and provides infrastructure support for coordinated
operation among microgrid entities.

upper-level gas grid

upper-level power grid

——>» power flow gasflow e »  heat flow

Figure 2: Structure of the cooperative alliance for multi-microgrid systems
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3.2 Electrical Energy Trading Model in Multi-Microgrid Alliance

The charging and discharging behaviors and energy production-consumption characteristics of multi-
microgrid systems differ from one another while also exhibiting complementarities. By leveraging these two
features, effective approaches can be explored to achieve efficient utilization of energy storage and renewable
energy resources among multiple microgrids. Different microgrids have distinct renewable generation
capacities and local load curves. Through electrical energy trading among interconnected microgrids, and
by utilizing the diversity in supply and demand patterns, mutual benefits and win-win outcomes can be
achieved. The following will investigate electricity trading among multiple microgrids based on the Nash
bargaining solution.

In a multi-microgrid alliance, each microgrid can negotiate with other interconnected microgrids to
determine the traded electricity quantity and the transaction payment. For each microgrid, the system’s active
power balance constraint can be expressed as:

N Ng
up,buy up,sell buy sell GB
(Pn,t _Pn,t + Z Pn,i,t_Pn,i,t +ZPH,CJ
i=l,i#n c=1

N, N,, NP
CHP WT PV t t
+ an,c,t * an,c,t + an,c,t + (Pn,dis - Pn,ch)
c=1 c=1 c=1
FL DR
=P, +P, (16)

In the equation, Pi”iy , and P;%/! represent the power purchased and sold by the nth MG from/to the
R

ith MG during time period t, respectively; P and PP} denote the fixed load power and dispatchable load
power within the nth MG during time period ¢, respectively.

Each microgrid is a self-interested and rational decision-maker, aiming to minimize its operational cost
through electricity trading. Compared with the operational cost of a single microgrid, there is an additional
cost within the multi-microgrid alliance, namely the payment C? *”, made to other microgrids. The electricity
payment cost from microgrid »n to microgrid j is:

T
b 11
Ch = (EmiPr?y = G P 17)

t=1
Then, the operating cost of microgrid i within the alliance is denoted as:

Cn,tol + Cf,),a,}:t (18)

The power exchange between each microgrid and the main grid must satisty the transmission line
capacity constraint and the unidirectional power flow constraint during the same time period. The trading
power between a microgrid and the main grid must be less than the maximum transmission power of the
line Pe~.

up,buy up,buy
OSPn,t SM”,t Prr:tl;x
,sell ,sell
0< PR <o pa (19)

= "n,t

up,buy  up,sell _
Bt "Bt =0
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In the equation, #*2"*” and u“%**!" represent the power purchasing and selling states, respectively.
Microgrid n cannot simultaneously engage in both purchasing and selling electricity with the main grid.

The power transmission constraints between microgrids are as follows:

PP psell it Vit

n,i,t n,i,t?

buy buy pmax
O<Pn1tglun1tpmm

(20)
0< Psell < ‘Msell Pmax

sell _
luntt #nlt 0

In the equation, P = psell 'y Vi % n,Vtindicates that the power exchange between the nth and ith

n,i,t n,i,t>
MGs during time period ¢t must be equal; P53 represents the maximum power transmission limit of the line

b
between any two ynuiy o #ff,l'lt

to the ith MG, respectively.

are the 0-1 variables related to power purchasing and selling from the nth MG

4 Nash Bargaining Model Solution for Multi-Microgrid Cooperative Alliance

Based on the construction of the multi-microgrid alliance system structure and the electricity trading
mechanism, the key to further achieving efficient resource allocation and economic benefit coordination
among multiple entities lies in the rational design of the cooperative decision-making model and solution
mechanism. Given that each microgrid within the alliance possesses independent operational capabilities
and differing interest demands, the Nash bargaining theory is introduced to establish a cooperative game
model among microgrids, reflecting the rational consultation and negotiation processes among alliance
members. The model is solved in a distributed manner using the Alternating Direction Method of Multipliers
(ADMM), thereby balancing optimization efficiency with data privacy protection.

Most existing distributed optimization approaches that consider privacy preservation among multiple
stakeholders rely on dual decomposition based on Lagrangian relaxation, such as the ADMM. To address
privacy concerns arising from competitive relationships in collaborative optimization among multiple
microgrids, ADMM offers a natural distributed solution mechanism. By decomposing the global problem
into local subproblems, ADMM enables each microgrid operator to independently optimize based solely
on local data, without the need to share sensitive operational information such as cost functions, load
forecasts, and equipment parameters, thereby effectively reducing the risk of data leakage. During the
iterative process, only limited conjugate information, such as copies of local variables or Lagrange multipliers,
needs to be exchanged among participants to coordinate shared resource decisions, thus balancing privacy
preservation with consensus maintenance. Theoretically, ADMM can converge to a globally optimal solution
for convex optimization problems; for non-convex problems, high-quality approximate solutions can also be
obtained by appropriately setting penalty parameters and step sizes. Meanwhile, by introducing consistency
constraints and penalty function mechanisms, ADMM ensures global feasibility and the realization of
collaborative benefits under distributed and autonomous optimization.

4.1 Nash Bargaining Model

As a core method in cooperative game theory, the Nash bargaining theory possesses fundamental
properties such as individual rationality, Pareto optimality, symmetry, invariance, and independence. It
not only ensures individual interests but also achieves fairness in resource allocation, thus providing an
effective tool for cooperative analysis. During the negotiation process, game participants seek the optimal
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solution based on the Nash bargaining principle to maximize cooperative benefits. Even if the individual
microgrids within the multi-microgrid alliance represent different interest entities with varying demands
and preferences, the Nash bargaining theory can still guarantee fair negotiation outcomes for all microgrids.

This paper assumes that microgrids can autonomously choose the type and scale of energy trading
with other microgrids. In order to participate in cooperative energy trading, each microgrid must negotiate
trading strategies—either for electricity or heat—with other microgrids within the alliance to reduce
its operational costs. If a satisfactory cost-optimization solution cannot be reached through negotiation,
the microgrid may choose not to participate in the trading. Therefore, the problem of minimizing the
operational cost of a microgrid can be modeled as a cooperative game. Each operator can adopt the Nash
bargaining approach to perform collaborative decision-making, thereby achieving optimal allocation of the
total operational cost of the system. In this model, each microgrid must determine key strategic variables,
including the amount of traded energy and the transaction price, in order to minimize its own operational
cost. Through multilateral negotiations and the formulation of reasonable trading plans, the ultimate goal of
minimizing the total system cost within the alliance can be achieved. The corresponding Nash bargaining
model is constructed as follows:

max [1[C0 — (Cpsar + CP%)]

n,i,t
s.t. CO> Cpyor + CPY

n,i,t

(21)

In the equation, C? represents the optimal cost of microgrid n before participating in the cooperative
game, which serves as the disagreement point in the Nash bargaining model. CY — (Cn,w 1+ Cﬁaly t) denotes
the utility obtained by each participant after engaging in the cooperative game, i.e., the cost reduction
achieved by microgrid n through bargaining.

4.2 Equivalent Transformation of the Nash Bargaining Model

Since the optimization variables in the Nash bargaining model (Eq. (21)) involve the energy transaction
volumes and corresponding transaction prices among entities within the coalition, the resulting problem
is non-convex, nonlinear, and characterized by strong multivariable coupling, making direct solution
highly complex and computationally demanding. To improve solution efficiency and enhance the model’s
practical applicability, this paper employs the ADMM algorithm to decompose the original problem into
two sequentially solvable subproblems: Subproblem P1 focuses on minimizing the operational cost of
the microgrid coalition under the cooperative game framework, while Subproblem P2 aims to maximize
benefit allocation among coalition participants. By sequentially solving these two subproblems, an effective
approximation and distributed solution to the original Nash bargaining model can be achieved.

The logical diagram of the two-stage optimization method is shown in Fig. 3.

4.2.1 Subproblem 1: Minimization of Operational Cost in the Microgrid Alliance System

min C,, 4
(1) ~(6)

s.t.4(7) ~ (15) @)
(16) ~ (20)
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Figure 3: Logic diagram of two-stage optimization method

To decouple Subproblem 1, this paper analyzes a multi—microgrid system consisting of three microgrids
dual variable /15, o and penalty factor

as an example, thus N = 3. By introducing auxiliary variable e, Nt

p1 (p1 > 0), the augmented Lagrangian function of Subproblem P; is given by

= Cyt0l + Coto1 + C3,t01

2 Ty S 2

t t t

+Z (‘512 61,2) 25(913 61,3) +Z?(523 62,3)
t=1 t=1

2 T 2
+Z)‘ (612 elt,z) ZA (313 31[,3) ZA (323 35,3)

Based on the separability of the augmented Lagrangian function with respect to the stakeholders
and by applying the distributed ADMM algorithm, each microgrid is decoupled into its corresponding

(23)

optimization model.
The distributed optimization model for MGl is shown in Eq. (24)

2 T 2
~t
t 1 t
min Cy o1 + Z 5 (312 31,2) + Z? (61,3 - 91,3)
=1

T t 2 T o[t t 2
Z (el 2 el,Z) + Z A3 (61,2 - 61,2) (24)
=1 t=1
The distributed optimization model for MG2 is shown in Eq. (25).
T iy 2
min Cy 4] + Z A (31,2 - elt,z) + Z A (32 3 65,3)
~ ) )
(25)

2 T 2
- t t
+Z)‘ (‘312 ‘31,2) Z (ez3 92,3)
t=1
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The distributed optimization model for MG3 is shown in Eq. (26).

2 T Pl ¢ 2

- t

mlnC3wl+Z (e13—e13) +23(e2,3—ez,3)
t=1 t=1

T 2

2 T ot
2 M (a1 el ) + 22k (e k) o
t=1

=1

The ADMM algorithm steps for solving subproblem P; are as follows (Algorithm 1):

Algorithm 1: ADMM algorithm steps for solving subproblem P,

Step I: Initialization: set iteration countk = 0, & = 107°, penalty factor p; = 1073, Considering the limitations
of communication resources, the maximum number of iterations is set to k.« = 100 [26], set the initial value

of the dual variable A} ; = 0, ¥t € T;
t.k
Step 2: For Mlcrogrld 1, receive the expected trading power 821 from Microgrid 2 and 531 from

Microgrid 3. Then solve Model (24) to obtain Microgrid I's expected trading power e;’ ;‘“ and e’ k+1.

t.k
Step 3: For Microgrid 2, receive the expected trading power e12 from Microgrid 1 and e32 from

Microgrid 3. Then solve Model (25) to obtain Microgrid 2’s expected trading power ey’ 1 and el k“.
tk

tk
Step 4: For Microgrid 3, receive the expected trading power 613 from Microgrid 1 and e23 from

Microgrid 2. Then solve Model (26) to obtain Microgrid 3’s expected trading power eé,f“ and e} k“

Atk
Step 5: Update the dual variables, /15:?“ )Lt k1 ( et k“)) € N\i.

Step 6: Update the iteration counter, k = k + 1.

t k+1 el k
i=1t=1 i
then the iteration terminates; otherwise, return to Step 2 and repeat the computation.

2
H2 < & ork > kpay issatisfied,

4.2.2 Solution to the Electricity Payment Minimization Problem P,

By solving Subproblem Pj, the optimal electricity trading volumes among the microgrids are obtained.
Based on these results, the augmented Lagrangian function for Subproblem P, is formulated.

T T
_ * * t t,* t t,*
Lp,=-mln (51 - Z (51 231 5+ 51 3e ) 721n (52 - Z (52,152,1 + s2,332,3))

=1
T
* t t,* t t,*
—n3ln| 05 - Z (53,133,1 + 53,263,2)

T Py [~ 2
-~ % t t,*
+ Z 5 (51 261 2 T €126 )

2

T b, 2 T, 2 T ;
t t% t t,* t - to* t %
+ Z 5 (51 331 3= €1,3613 ) + Z 5 (52 362 3 52,362,3) + Z V1,2 (51,2‘31,2 —&,2612 )
=1 =1 =1
T 2 T ; 2
t t, % t - t,* t t,*
Z (51 331 3 —€1,3613 ) + Z V2,3 (52 3633 52,362,3) (27)
Pt =1

Based on the separability of the augmented Lagrangian function with respect to the stakeholders, the
ADMM framework is employed to decouple each microgrid into its corresponding optimization model.
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The distributed electricity payment model for Microgrid 1is given in Eq. (28).

T T
_ * t t,* t * t t,* t t,*
Lp, = -mln (51 - (51,261,2 T€,3€ )) 12 1n (52 - (52,1‘32,1 + 52,3‘32,3))
t=1 t=1
T L 2
* t t,* t t,* t,* t t,*
—n3In| 83 = 3 (e e5y +e50e33) |+ 2. 5 (51 2612 81,261,2)
t=1 t=1
T 2 T 2 T 2
P2 t ot P2 (-1 t tw t ot
+ Z? 813613 €363 +Z? &, 3623 €363 +ZY 1,2 512312 €1,2€12
=1 =1 =1
T 2T ; 2
t t,* t Sk t t,*
Z (51 361 3 ~€1,3613 ) + Z V2,3 (52 3‘32 3 52,352,3) (28)
t=1 t=1

The distributed electricity payment model for Microgrid 2 is given in Eq. (29).

T
. * t t,* t t,*
min — 7, In (82 - Z (82)162,1 + €536 ))

=1
T 2 T 2

P2 t % P2

+Z_ s12912 €1,2612 +Z_ 52 3‘323 52 3‘323
=1 2 =1 2
T 2 T 2
t t,* t t,*

Z (51 2e1 > — 1,261 ) + Z V2,3 (52 392 37863 e2,3) (29)
=1 =1

The distributed electricity payment model for Microgrid 3 is given in Eq. (30).

T

. t t,* t L%

min - #31n ( Z (83’163)1 + 83’263’2))

=1

T 2 T 2

P2 [~ 4« t t* P2 t b

+ Z il K2R 361 3 ~ €363 Z = 52 362 3 —&3653
2 =t

T

2 2
t
t t t,* t t,*
+ E :)’1 3 (51 351 3 ~ 13613 ) + Z V2,3 (82 362 3 52,362,3) (30)

t=1

The ADMM algorithm steps for solving Subproblem P, are as follows (Algorithm 2):

Algorithm 2: ADMM algorithm steps for solving subproblem P,

Step 1: Initialization: set iteration count k =1, penalty factor p, = 107>, maximum number of iterations
kmax = 100, set the convergence tolerance to & = 1076, set the initial value of the dual variable
yf,j =0,VteT;

~tk ~tk
Step 2: For Microgrid 1, receive the expected trading power ¢, ; from Microgrid 2and e;; from

Microgrid 3. Then solve Model (24) to obtain Microgrid 1’s expected trading power {’; k1 and & k“.

Step 3: For Microgrid 2, receive the expected trading power 81)2 from Microgrid 1and 63 , from

Microgrid 3. Then solve Model (25) to obtain Microgrid 2’s expected trading power sg”’f“ and £y k“.

~tk N
Step 4: For Microgrid 3, receive the expected trading power ¢, ; from Microgrid 1and 82 ; from

Microgrid 2. Then solve Model (26) to obtain Microgrid 3’s expected trading power st k41 and &t k“.

(Contmued)
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Algorithm 2 (continued)

t,k+1 ~t.k+]

Step 5: Update the dual variables, ;™" = yfj‘ +p2 (ei’j - ef)’f“)j € N\i.

Step 6: Update the iteration counter, k = k + 1.

N T 2
Step 7: Check the convergence of the ADMM algorithm. If }° > Hsf’;‘“ - eff Hz <& ork>kmay is
i=1t=1 ’ ’

satisfied, then the iteration terminates; otherwise, return to Step 2 and repeat the computation.

5 Case Study Simulation

To verify the effectiveness of the proposed method, multiple microgrid areas in a specific region are
selected as the case study objects.

5.1 Basic Conditions and Load Data

With the future development of microgrids, selecting more efficient computational methods to address
the benefit allocation problem arising from cooperative games involving an increasing number of microgrids
is of significant importance. To validate the efficiency and scalability of the proposed method in benefit
allocation for multi-microgrid cooperative games, this study conducts calculations using the following
cooperative game-based benefit allocation approaches and compares them with the Shapley value method:

(1) A 2-microgrid system consisting of commercial and industrial types;

(2) A 3-microgrid system consisting of commercial, industrial, and residential types;

(3) 4-microgrid system consisting of two commercial, one industrial, and one residential type;
(4)  5-microgrid system consisting of two commercial, two industrial, and one residential type;
(5) A 6-microgrid system consisting of two commercial, two industrial, and two residential types.

The comparative results of computational speed are presented in Table 1.

Table 1: Comparison of solution rates between the method in this article and the shapley method

Types of microgrid alliances Computational speed/s

Shapley value method Proposed method

2 MG 66.74 63.86

3 MG 194.85 169.98
4 MG 674.45 504.20
5 MG 1969.24 1412.96
6 MG 5934.81 3796.70

As evident from Table 1, the proposed method significantly improves the computational efficiency
of benefit allocation in multi-microgrid cooperative games. To better demonstrate the computational
advantages of our approach, we calculated the percentage improvement in solving speed compared to the
Shapley value method and present the results in Fig. 4. This visualization highlights the superior performance
of our method for future benefit allocation calculations in cooperative games among integrated community
energy systems.
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Figure 4: Using the method in this article to solve the percentage increase in benefit distribution rate

Fig. 4 presents a comparative analysis of computational efficiency between the proposed method and the
Shapley value method for benefit allocation in microgrid cooperative alliances. When the alliance involves a
limited number of microgrids (e.g., two MG), the computational advantage of the proposed method is not yet
pronounced due to the low-dimensional variable space and limited computational complexity. However, as
the alliance scale expands, accompanied by exponential growth in computational complexity, the efficiency
advantage of our method becomes increasingly evident.

The underlying mechanism can be explained as follows: The Shapley value method requires individual
calculation of each microgrid’s marginal contribution, leading to dramatic computation load escalation
and consequent efficiency degradation as participant numbers increase. In contrast, the ADMM algorithm
adopted in our study effectively addresses large-scale microgrid alliance benefit allocation through its
distributed optimization framework. This approach demonstrates particular suitability for future scenarios
involving new microgrid integration, with its computational efficiency advantage becoming more significant
as alliance scale increases.

This study conducts a detailed analysis using operational data from three distinct types of microgrid
systems during a typical winter day: a residential microgrid (MG-1), a commercial microgrid (MG-2), and an
industrial microgrid (MG-3). Microgrids 1 and 2 primarily rely on photovoltaic generation, while Microgrid
3 is predominantly wind-powered. In terms of energy trading, each region purchases electricity and gas
from the upper-level energy grid, with both energy prices following a tiered pricing structure. The specific
electricity and heat prices are detailed in Table 2.

Fig. 5 shows the basic load profiles of each sub-microgrid system within the microgrid coalition. It can
be seen that the characteristics of electricity, heat, and gas loads vary under different user attributes of MGs.
According to the planning features of Microgrid 1 and Microgrid 2, only photovoltaic (PV) generation is
installed in the system, with a generation period from 06:00 to 18:00.
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Table 2: Energy trading price

Energy trading Type Time period Price/USD
Electricity purchase Peak period  11:00-22:00 0.168
:00-10:
Flat period 08:00-10:00 0.104

23:00-24:00
Peak period  01:00-07:00 0.056

Gas purchase Peak period  08:00-12:00
Flat period ~ 17:00-19:00
06:00-07:00
Peak period  13:00-16:00 0.043
20:00-23:00
Flat period  24:00-05:00 0.032
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Figure 5: Multi-microgrid system base load
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Sub-microgrid 1 mainly consists of residential users. During the period from 00:00 to 07:00, the
electricity, heat, and gas loads are relatively concentrated, and the thermal load usage is higher at night than
during the day. Sub-microgrid 2 is mainly composed of commercial users. The demand for electricity, gas,
and heat is mainly concentrated between 08:00 and 21:00. During this period, MG2 needs to schedule and
supply electricity, gas, and heat reasonably to meet the operational needs of commercial users. At night, the
load level is low and the demand is relatively small.

In MG3, which mainly serves industrial users and adopts wind power as the renewable energy type, the
electricity, gas, and heat load demands are relatively high. Energy consumption by electrical equipment and
production processes is relatively large, and the energy load demand is higher during the period from 08:00
to 20:00, and relatively lower during other times. The daytime renewable energy generation is lower than
that at night.

Based on the quantitative analysis of Fig. 5, the load distribution characteristics and renewable energy
output patterns of each microgrid system under typical winter-day operating conditions can be further
revealed. The results of this analysis provide empirical evidence for the optimization of energy transmission
and trading strategy formulation in multi-microgrid collaborative operations. At the same time, they reveal
the dynamic differences among systems, laying a theoretical foundation for the construction of cooperative
operation models. In addition, the obtained time-series data of load and generation serve as key input
parameters for subsequent simulation studies.

5.2 Energy Trading among Microgrids within the Coalition

Based on the day-ahead energy market, microgrids achieve cooperative operation within the coalition
through Nash bargaining-based energy trading, involving the purchase and sale of electricity and thermal
loads. Fig. 6 illustrates the electricity and thermal load trading behavior. During different time periods, each
microgrid adopts flexible trading strategies accordingly. Positive values represent energy purchases, while
negative values indicate energy sales.
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Figure 6: Energy trading results among microgrid entities

In MG], electricity and thermal loads are closely correlated. The CHP unit maintains a high output
level throughout the scheduling period. By selling surplus electricity and thermal energy, MGl effectively
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reduces its operational costs, which, to some extent, reflects the energy usage patterns and lifestyle habits of
residential users.

During the 11:00-14:00 period, MG2, being a commercial-type microgrid, experiences sufficient solar
irradiance, resulting in photovoltaic generation exceeding local electricity demand. The surplus electricity is
thus preferentially sold to other microgrids within the coalition to reduce costs. During other periods, MG2
relies on energy purchases to meet its load demands.

Between 01:00-03:00 and 23:00-24:00, strong wind conditions allow the wind turbines in MG3 to
generate electricity exceeding local demand. The excess wind energy, which cannot be consumed locally, is
sold to other microgrids, facilitating optimal resource allocation. However, during the 11:00-15:00 period,
MGS3 needs to actively purchase electricity to meet its energy demands. At the same time, the CHP unit
operates under constraints, necessitating external thermal energy purchases to fulfill heating demand,
thereby ensuring stable operation of the microgrid.

In summary, each microgrid flexibly adjusts its energy trading strategy based on its unique load
distribution characteristics and renewable generation capabilities. This flexibility significantly improves
regional energy allocation efficiency and maximizes cooperative benefits.

This study employs the ADMM to achieve distributed solutions for both the operational cost mini-
mization problem (P1) and the electricity transaction payment problem (P2) in the multi-microgrid system.
Simulation results demonstrate that the proposed algorithm exhibits excellent convergence characteristics
and computational efficiency. As shown in Fig. 7, the operational costs of all microgrids display typical
convergence behavior during the iterative solution process, essentially meeting the convergence criteria
after 18 iterations. Due to distinct electricity and heat energy trading patterns among the alliance members,
game-theoretic interactions emerge between MGl, MG2, and MG3, resulting in markedly different total cost
convergence trends. Specifically, MGU’s total cost progressively decreases with each iteration until reaching
equilibrium, while MG2 and MG3 exhibit gradually increasing costs. This phenomenon effectively captures
the strategic gaming process among the three microgrids within the alliance.
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Figure 7: Iterative convergence curves of total cost for each microgrid service provider
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Upon reaching Nash equilibrium, all microgrids in the alliance achieve reduced total operating costs,
demonstrating system-wide economic optimization. In this equilibrium state, each microgrid’s strategy
stabilizes, reaching a balanced game-theoretic solution. The final optimized operating costs are:MGI:
$3760.35; MG2: $4536.06; MG3: $9863.54.

The electricity and thermal load trading prices among coalition members are shown in Fig. 8. The
prices determined by the Nash bargaining mechanism for each MG comply with regional electricity price
constraints throughout the scheduling horizon T. During off-service periods, prices remain low, effectively
mitigating the risk of price dependence on the upstream grid. Based on this pricing mechanism, regional
microgrids can obtain electricity at more favorable rates through Nash bargaining-based transactions or
reduce costs by selling surplus electricity and thermal energy.
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Figure 8: Electricity and heat trading prices among microgrid service providers

The research results demonstrate that by dynamically adjusting pricing strategies, each MG can achieve
optimized resource allocation, reduce system operating costs, and enhance overall operational efficiency.
This mechanism provides a win-win energy trading paradigm for multi-microgrid systems.
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5.3 Energy Trading between Microgrids and the Upper-Level Grid

The electricity and gas trading activities between each MG in the coalition and the upper-level energy
network, before and after participating in the energy bargaining process, are illustrated in Fig. 9
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Figure 9: Volume of electricity and gas traded before and after each MG transaction

Fig. 9a shows the electricity and gas trading situation of MGl before and after the energy bargaining
transaction. Between 09:00-14:00, abundant solar irradiation leads to high photovoltaic generation output.
During 02:00-06:00 and 17:00-22:00, due to increased thermal load demand, MGI must maintain high-
output operation of the CHP unit to deliver both electric and thermal power. As a result, it needs to purchase
additional electricity and heat from the upper-level energy grid to meet load requirements.

Fig. 9b presents the electricity and gas trading behavior of MG2 before and after energy bargaining. To
reduce internal energy consumption, MG2 procures energy from other MGs within the coalition to balance
its load demand. Following the Nash bargaining-based transactions, MG2 secures more opportunities to
purchase energy at lower prices, significantly decreasing its electricity and gas purchases from the upper-level
grid and gas network, thereby reducing its dependency on external energy sources.
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Fig. 9c depicts the electricity and gas trading status of MG3 before and after the energy bargaining
process. During 11:00-16:00, MG3 engages in intra-coalition energy trading with other MGs to accommodate
its surplus wind power output. This results in a reduced volume of electricity purchased from the upper-level
grid, indicating that the bargaining-based trading mechanism effectively enhances wind energy utilization
and decreases external electricity procurement.

In conclusion, through the Nash bargaining process, MG1, MG2, and MG3 have all achieved optimized
and reduced electricity and gas trading volumes. Each microgrid has obtained more favorable energy
procurement strategies via flexible bargaining mechanisms, while simultaneously decreasing their reliance
on upper-level energy networks. This improvement contributes to enhanced resource utilization efficiency
and economic performance.

5.4 Renewable Energy Utilization before and after Energy Trading among Microgrids

The renewable energy utilization of each entity within the coalition before and after participating in
energy bargaining is illustrated in Fig. 10. The analysis results show that, following participation in energy
trading, the renewable energy absorption rates of all entities increased significantly compared to the pre-
trading stage. Specifically, during the pre-trading phase, MG1 (12:00-16:00), MG2 (09:00-13:00), and MG3
(01:00-02:00 and 20:00-24:00) all exhibited situations where renewable energy output was not fully utilized,
as evidenced by noticeable wind and solar curtailment. This phenomenon mainly stems from the fact that
the renewable generation power of each entity exceeded the total energy consumption capacity of internal
systems, including gas turbines and CHP units. However, through the implementation of intra-coalition
energy bargaining transactions, a cooperative trading market was established among the regional microgrids,
enabling free energy exchanges across entities. As a result, the previously unabsorbed wind and solar power
was effectively utilized, alleviating the wind and solar curtailment issues to a considerable extent.
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Figure 10: New energy consumption before and after each MG transaction

The energy purchasing status and the amount of curtailed wind and solar energy for each microgrid
(MG) under different scenarios—before and after participating in cooperative bargaining-based energy
trading—are presented in Table 3.
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(1)  Scenario A: Each MG operates independently without participating in cooperative operation, and
conducts energy trading solely with the upper-level energy system.

(2) Scenario B: Each MG engages in cooperative operation, i.e., the microgrid cooperative alliance
conducts bargaining-based energy trading as proposed in this paper.

Table 3: MG energy purchase under different scenarios with wind and PV abandonment

MG  Electricity purchase  Gas purchase Wind/solar
volume/kW volume/kW curtailment/kW

Scenario A 1 9061.581 93,225.91 2078.46

2 12,786.8 122,705.9 1589.73

3 10,598.27 229,4979 2607.35
Scenario B 1 17,403.96 138,957 869.87

2 0 76,148.74 534.69

3 0 211,938.2 721.9

According to the results presented in Table 3, before participating in cooperative operation and energy
trading, MG1, MG2, and MG3 in the coalition conducted energy transactions with the upper-level energy
network. Their respective electricity purchases were 9061.51, 12,786.8 and 10,598.27 kWh, and their gas
purchases were 93,225.91, 122,705.9, and 229,497.9 kWh. Due to excess renewable energy generation,
wind and solar energy curtailment occurred, with curtailed energy amounts of 2078.46, 1589.73, and
2607.35 kWh, respectively.

After participating in the cooperative game, MG2 and MG3 primarily obtain their required electricity
through transactions with MGI and their own generation equipment. Consequently, MG2 and MG3 no
longer purchase electricity from the main grid, and their gas consumption has significantly decreased
compared to pre-Nash bargaining transactions. To maintain high operational levels of its CHP unit and
meet the transaction demands of other MG within the alliance, MGI’s additional electricity and gas pur-
chases increased by 8342.379 and 45,731.09 kWh, respectively. Through cooperative optimization of trading
strategies, all MGs have effectively enhanced their renewable energy accommodation capacity. The renewable
energy accommodation rates of MGl, MG2, and MG3 increased by approximately 58.15%, 66.36%, and
72.31% respectively, resulting in significant mitigation of the original wind and solar curtailment phenomena.

5.5 Total Cost Analysis of Each MG in the Coalition

To evaluate the economic effectiveness of the proposed cooperative strategy, this section analyzes
and compares the total costs of Microgrids MGl, MG2, and MG3 before and after participating in Nash
bargaining-based energy trading. As shown in Table 4, under the non-cooperative mode, the total energy
procurement costs for MG1, MG2, and MG3 are $5100.71, $5599.43, and $11,910.30, respectively. In this mode,
each microgrid operates independently and relies entirely on purchasing electricity and natural gas from the
upper-level grid, resulting in relatively high overall operating costs.

In contrast, under the cooperative coalition operation mode, the operating costs of MG2 and MG3 are
significantly reduced, while MGI1 experiences an increase in its operating cost. After participating in energy
trading, the final costs are $3760.35 for MGl, $4536.06 for MG2, and $9863.54 for MG3, corresponding to
cost reductions of 26.28%, 19.00%, and 17.19%, respectively.
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Table 4: Payment settlements and cost among constituent microgrids within the microgrid cooperative alliance

Collaborative mode

Non-cooperative

mode/USD Operating Electricity payment Final Cost reduction
cost/USD cost/USD cost/USD value/USD
MGl 5100.71 7389.56 -3629.21 3760.35 1340.36
MG2 5599.43 3978.63 557.43 4536.06 1063.37
MG3 11,910.3 8900.2 963.34 9863.54 2046.76

Although MGT’s operating expenditure increases, its net economic benefit improves. This cost increase
is due to MGl serving as a net energy supplier within the coalition, selling its surplus electricity to MG2 and
MG3 instead of feeding it back to the upper-level grid at a higher price. Because the internal transaction prices
in the coalition are determined based on the Nash bargaining mechanism—typically lower than the feed-in
tariffs of the upper-level grid—MGT’s direct operating cost increases. However, MGl still obtains net gains
through electricity sales, thus achieving a positive economic return. This phenomenon is consistent with the
findings in [26], which indicate that under a distributed privacy-preserving optimization framework, internal
trading among microgrids may lead to a redistribution of individual costs but yields collective economic
benefits for all participants.

In summary, the cooperative trading mechanism effectively enhances load balancing, reduces depen-
dence on the external grid, and improves the utilization of renewable energy. Although there are differences
in cost variations among individual microgrids, the overall system achieves cost reduction and benefit
enhancement through resource sharing and coordinated optimization. These results validate the effectiveness
of the proposed strategy in terms of both economic performance and incentive compatibility.

6 Conclusions

This study develops a microgrid energy-sharing cooperative game model based on Nash bargaining and
proposes a low-carbon operational optimization strategy for multi-microgrid systems under a cooperative
game framework. The main contributions are as follows:

(1) A cooperative game model for microgrids and multi-energy trading is established based on Nash
bargaining theory. By considering the interests and interactive behaviors of different entities, the model
effectively captures the strategic interactions of microgrids in the multi-energy trading market.

(2) The ADMM algorithm is employed for distributed optimization. Through problem decomposition
and iterative updating of multiplier variables, collaborative operation of the multi-microgrid system
is achieved. The total system cost is reduced by 19.68%, promoting the sustainable development of the
multi-microgrid system and enhancing overall energy utilization efficiency.

(3) Each participating entity benefits from more favorable energy procurement conditions through a
flexible bargaining and trading mechanism, enabling efficient energy allocation and mutual benefit
among all parties. Meanwhile, the strategy reduces energy transactions with the upper-level grid
and makes full use of surplus renewable energy output, increasing the overall renewable energy
consumption rate by approximately 66.11%, thereby improving resource utilization efficiency.

Although the cooperative game-based optimization strategy proposed in this study has demonstrated
positive effects in enhancing the operational efficiency and economic performance of multi-microgrid
systems, there remain several issues worthy of further investigation. In the future, the authors will focus
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on two main directions for extended research: On one hand, the adaptability and scalability of the model
in emerging technological scenarios will be explored, such as incorporating electric vehicles as schedulable
energy storage units, integrating demand response aggregators for more efficient load management, and
leveraging blockchain technology to build a trusted energy trading platform. On the other hand, an in-
depth analysis will be conducted on the practical challenges that may arise during real-world deployment,
including the construction of communication infrastructure, the computational burden on edge devices,
and stakeholders’ concerns about sharing private data. These efforts aim to enhance the practical value and
scalability of the model from the perspective of engineering feasibility.
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Abbreviations

MGC Microgrid Coalition

MG Microgrid

ADMM Alternating Direction Method of Multipliers
CHP Combined heat and power

PV Photovoltaic

GT Gas turbine

ESS Energy storage systems
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