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Multi-agent Bi-level Game Model for Park-
level Integrated Energy System Based on
Electricity—Carbon Market Collaborative

Decision-making Mechanism

Yumin Zhang, Jingrui Li, Xingquan Ji, Zhaoyang Dong, and Li Yu

Abstract—Effective coordination between electricity and car-
bon markets is critical for enabling energy-efficient decarbon-
ization in integrated energy system. However, the inherent dif-
ferences in trading products and timescales between two mar-
kets render independent electricity —carbon market mechanism
invalid and target mismatch, particularly within multi-agent
market environments. Hence, a multi-agent bi-level game model
for park-level integrated energy system (PIES) is proposed in
this paper, incorporating a novel electricity—carbon market col-
laborative decision-making mechanism. An equal-interval time
discretization method is developed to reconcile the heterogene-
ity of discrete electricity market and continuous carbon market,
enabling consistent timescale coordination. An improved alter-
nating direction method of multipliers (ADMM) algorithm
based on Peaceman-Rachford is adopted to achieve benefit allo-
cation and rapid privacy-solving. Simulation results demon-
strate the effectiveness of proposed multi-agent bi-level game
model in balancing carbon reduction and economic efficiency,
and enhancing the operation efficiency of multi-agent collabora-
tion.

Index Terms—Electricity market, carbon market. Decision-
making, game model, time discretization, alternating direction
method of multipliers (ADMM), multi-agent, integrated energy
system (IES).

1. INTRODUCTION

OLLABORATIVE optimization of electricity market
and carbon market is essential for achieving energy
transition and carbon neutrality goals [1]-[3]. The electricity
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market is primarily focused on meeting demand through cost-
efficient and reliable generation [4], whereas the carbon mar-
ket seeks to mitigate carbon emissions and facilitate the tran-
sition to low carbon energy [5]. Currently, the coordination
framework between the electricity market and carbon market
involves two main methods. One is linear aggregation of ob-
jective functions, while the other adds a fixed carbon price
signal to the electricity price [6]-[8]. However, the linear ag-
gregation of objectives fails to capture variations in the mu-
tual influence between the two markets across diverse times-
cales. And a fixed carbon price signal neglects carbon price
volatility, hindering dynamic reflection of market changes on
decision-making. Moreover, significant differences in energy
resources and demand characteristics among park-level inte-
grated energy systems (PIESs) hinder the existing coordina-
tion methods from accommodating inter-park variations and
dynamic interactions [9]-[10]. Thus, establishing an electricity
—carbon market collaborative decision-making mechanism has
become a vital issue for PIESs, with the goal of achieving
multi-timescale coordination and multi-agent collaboration.

The electricity market primarily pursues supply-demand
equilibrium with an emphasis on economic efficiency [11],
realized through short-term behaviors such as competitive
bidding and demand response. In [12], a zero-carbon opera-
tion framework is developed with dual objectives: maximiz-
ing economic gains and minimizing carbon emissions. To im-
plement the goal of environmental friendliness, an optimal
scheduling model with low-carbon operation constraints is
established in [13]. These studies demonstrate that by partici-
pating in electricity market, carbon costs can be transmitted
to end users, thereby fully unleashing the potential for car-
bon emission reduction on the demand side. However, the
aforementioned methods fail to fully leverage the carbon
price adjustment function, making it challenging to effective-
ly control carbon emissions amid dynamic market fluctua-
tions.

The mechanism in carbon market is generally considered
to reflect fluctuations in carbon prices, which plays an im-
portant role in influencing market dynamics and supporting
the control of carbon emissions [14]. In [15], a ladder-type
carbon trading scheme is introduced to incorporate carbon
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costs and promote low-carbon operation. In [16], a carbon
pricing mechanism based on performance is proposed, aim-
ing to encourage carbon emission reduction through tangible
performance outcomes. However, carbon responsibility
should be allocated based on actual emissions. Moreover, the
aforementioned method fails to reflect the responsibility allo-
cation in terms of emissions and timescale through carbon
prices. Accurate calculation of system carbon emission flow
(CEF) is essential for precise carbon emission measurement
and fair allocation of carbon responsibilities, and it serves as
the foundation for the reasonable formulation of carbon pric-
es [17]. The potential mapping relationship of the carbon at
the input-output ports of coupled equipment is derived and
an integrated electricity —natural gas—heat CEF model is es-
tablished in [18]. Furthermore, hydrogen energy can be di-
rectly and efficiently utilized to achieve zero- or low-carbon
emissions. In [19], an electricity—natural gas—hydrogen CEF
model for hydrogen production stations is derived, and the
contribution to renewable energy accommodation and carbon
reduction is validated. However, the absence of detailed mod-
eling for hydrogen production, utilization, and storage pro-
cesses limits the accuracy of carbon emission calculations
during hydrogen system operation.

Through the application of market mechanisms, coordinat-
ed operation among interconnected PIES within a regional
system can significantly improve economic efficiency and
strengthen energy supply adaptability [20]. Distributed opti-
mization methods such as game theory [21], [22], consensus
algorithms [23], [24], and the alternating direction method of
multipliers (ADMM) algorithm [25], [26] are introduced into
multi-agent collaborative market trading. To prevent chaotic
competition among agents and mitigate conflicts of interest,
allocation strategies based on game theory have garnered ex-
tensive attention [27]-[29]. A trading framework for local en-
ergy communities is proposed in [30], where cooperative
game theory is employed to model the economic behavior of
the participants. However, most of these studies overlook the
positive impact of various resource couplings on realizing
carbon reduction potential. They also fail to explore trading
behaviors in electricity market and carbon market across dif-
ferent timescales and trading types.

This paper proposes a multi-agent bi-level game model
for PIES based on electricity—carbon market collaborative de-
cision-making mechanism. The main contributions are out-
lined as follows.

1) To transmit the interaction between electricity market
and carbon market, an electricity —carbon market collabora-
tive decision-making mechanism is proposed, considering
the coordination of timescales and trading types.

2) An equal-interval time discretization method for the tim-
escale of carbon market is developed, which is compatible
with the timescale of the electricity market. An augmented
CEF (ACEF) model for PIESs is established, enabling price
signal transmission between electricity market and carbon mar-
ket.

3) An improved ADMM algorithm based on the Peace-
man-Rachford (PR) splitting technique is adopted to solve
the multi-agent bi-level game model, enabling benefit alloca-
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tion and rapid privacy-solving.

The rest of this paper is organized as follows. Section II
introduces the electricity — carbon market collaborative deci-
sion-making mechanism based on ACEF model. Section III de-
scribes the multi-agent bi-level game model considering the
proposed mechanism. Section IV presents the solution method
for the proposed model. Section V analyzes the validation of
the proposed mechanism through case studies. Section VI con-
cludes the paper.

II. ELECTRICITY-CARBON MARKET COLLABORATIVE
DECISION-MAKING MECHANISM BASED ON ACEF MODEL

A. Electricity— Carbon Market Collaborative Decision-mak-
ing Mechanism

The electricity — carbon market collaborative decision-mak-
ing mechanism proposed in this paper is aimed at the regional
market located at the side of the distribution network. Multi-
agents in the region are located at the same transmission net-
work node and obtain free carbon quotas from the govern-
ment. The market behavior is regulated by the government,
with electricity and carbon quotas traded independently within
the region. Each agent makes economic and low-carbon deci-
sions by participating in the electricity market and carbon mar-
ket. The schematic diagram of the proposed mechanism is
shown in Fig. 1. Note that the alternating color blocks (green
and blue) on the timeline represent different hourly trading pe-
riods, corresponding to distinct carbon emission intensities
and electricity prices in the day-ahead scheduling horizon.

The electricity — carbon market, based on the relationship
between electricity and carbon pricing, regulates unit dis-
patch, demand-side response, and carbon quota adjustments
to achieve a Pareto-efficient outcome. The proposed mecha-
nism mainly includes the following two aspects.

1) Multi-market decision coordination: in traditional mar-
kets where electricity and carbon are traded separately,
PIESs first participate in the electricity market. They then
calculate carbon emissions based on electricity trading and
determine whether to enter the carbon market. Such indepen-
dent electricity—carbon trading markets rely solely on energy
information to guide carbon trading, thereby failing to fully
exploit the bidirectional incentive mechanisms inherent in
the trading process. In the proposed mechanism, PIES simul-
taneously makes decisions for electricity trading and carbon
trading. The bidirectional transmission of electricity and car-
bon decision results interacts with each other, achieving elec-
tricity—carbon market collaborative decision-making behavior.

2) Discretization of carbon market: the collaborative deci-
sion-making of PIES in electricity market and carbon market
also involves coupling issues between markets at multi-times-
cales. In the proposed mechanism, the timescale of regional
carbon market is discretized to match the timescale of the
electricity market.

PIES simultaneously makes decisions in both electricity
market and carbon market within a single timescale, achiev-
ing collaborative electricity —carbon trading decisions on the
same timescale. Additionally, the penalty cost for excess car-
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bon emissions is calculated at the end of the scheduling peri-
od. Therefore, changes in carbon allowances resulting from
prior trading will influence the decision-making process of
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the current period, continuously impacting the outcomes.
Therefore, the continuity of information for carbon market
participants is maintained across different trading periods.
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Transaction price

Transaction price

4

‘ Transaction volume Electricity Transaction volume ‘
market
Free carbon TSupervise Free carbon W
11 11
Eneray allowance allowance / Energy
supplier supplier
E Government ) Ener
S:&rfy Energy Transaction supervision Transgctlon seleli r%y Energy
. & requirement price price . g requirement
price Supervise price
0 & sy
D o Transaction Transaction & o
Energy volume j volume Energy
user Carbon market user
PIES PIES
Discretization of carbon market
rimescaeor (| ] I I L LT
electricity market .1 ., o, o oo
0o ] 6 12 18 24 Time (hour)

1 hour decision-making for trading
24-hour decision-making for trading

Discretization

Timescale of
carbon market

NIRRNARENA RN NNNANE

P

o | e

1 hour decision-making for trading

12 18 24 Time (hour)

Fig. 1. Schematic diagram of proposed mechanism.

B. Multi-agent Bi-level Game

Under the proposed mechanism, each PIES operates as an
independent economic agent, engaging in market-based trad-
ing. Through strategic gaming, agents determine electricity
and carbon allowance trading volumes to optimize individual
revenues. Simultaneously, they reduce overall carbon emis-
sions in accordance with governmental regulation.

Each PIES represents a Stackelberg game issue. At the up-
per level, the ACEF model is employed to quantify the car-
bon price at each load node. The external carbon emission
cost is reasonably apportioned and internalized as part of the
PIES operation cost, thereby generating an electricity—carbon
coupling price that is propagated to the lower decision layer.
At the lower level, users optimize their energy usage in re-
sponse to price signals to reduce costs, with the adjusted de-
mand profile subsequently transmitted to the upper level for
collaborative decision-making. Then, the scheduling plan of
the park can be adjusted at the upper level according to the
updated energy consumption demand. Through repeated itera-
tions between the upper and lower levels, the source-load
trading equilibrium is achieved.

After each PIES achieves source-load trading equilibrium,
multi-PIESs will engage in a cooperative game. Each PIES

determines the electricity and carbon allowance trading vol-
umes. To maintain confidentiality between agents, the ex-
changed information among multi-PIESs is restricted to the
electricity and carbon allowance trading volumes. Additional-
ly, only the corresponding trading prices are shared. If there
is discrepancy in the market trading, each agent internally
adjusts the output plans of each unit, alters energy selling
prices, and guides consumers to change their energy con-
sumption behaviors. Decisions are made regarding the optimal
trading volume and trading price of each period. The updated
information is propagated among agents, and iterative adjust-
ments proceed until a consistent equilibrium is established
within and between all agents. The multi-agent bi-level game
model consists of an internal source-load Stackelberg game
and a multi-agent cooperative game. This model shifts carbon
reduction responsibility from the source side to the load side,
promoting regional carbon reduction through multi-agent par-
ticipation in both the electricity market and carbon market.

C. ACEF Model of Green Hydrogen Production

1) Green Hydrogen Production Modeling

The green hydrogen production process primarily consists
of three stages: production, storage, and consumption. The
involved equipment includes electrolyzer (EL), hydrogen fu-
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el cell (HFC), methane reactor (MR), and hydrogen storage
(HS), with the entire green hydrogen production process
shown in Supplementary Material A Fig. SAI.

1) Green hydrogen production process

In EL, renewable energy is employed to electrolyze water
to produce hydrogen. The electricity and water consumptions
can be expressed as:

VE P EL,e,n,t

L.H,nt = MEL 0
HZ

MHEO‘n‘t:ﬁHZOVEL. H,,mt

min max
PEL,e S PEL.EJLt S PEL,e

(M

where Vi y . is the green hydrogen output of EL at node n

during period #; 7y is the electricity-to-hydrogen conversion
efficiency of EL; Py, ., is the electricity consumption of EL
at node n during period #; Oy, the lower heating value of hy-

drogen; My, ,, is the water consumption of EL at node n
during period #; By, is the water consumption coefficient of
EL; and P{™ and Pp", are the upper and lower limits of the
operation power of EL, respectively.

2) Green HS process

The green HS process is similar to that of electricity stor-
age and satisfies:

Viasne=Vasnio1 + sV us,inne — M
Mus
VHS, min < VHS, nt < VHS. max
VHS,O = VHS,T @)
0 < VHS, in,nt < VHS,in, max
0 < VHS, out, n,lg HS, out, max

where Vyg,, and Vg, , are the HS capacities at node n
during period ¢ and period ¢—1, respectively; Vg, ,, and
Vis.oun: are the amounts of hydrogen input and output of
HS at node n during period ¢, respectively; 5y is the work-
ing efficiency of HS; Vg ..« and Vyg ., are the upper and
lower limits of HS capacity, respectively; Vs, and Vg, are
the amounts of hydrogen stored in HS at the beginning and
end of the scheduling period, respectively; and Vi, . and
Vis.oumsx are the maximum amounts of hydrogen input and
output of HS, respectively.

3) Green hydrogen consumption process

HFC can convert green hydrogen produced through elec-
trolysis into both electrical and thermal power, subject to the

following constraints:

Prrc, = Mrc, eQH2 Vire, H,y.mt

3)

Hygpc .= ”HFC,hQHZVHFC,HZ,n,t
PHFC.min < PHFC, nt < PHFC, max

where Py, and Hyg,, are the electrical and thermal pow-
er outputs of HFC at node n during period ¢, respectively;
Nurc.e and #ygc, are the hydrogen-to-electricity and hydrogen-
to-heat conversion efficiencies of HFC, respectively;
Vircu, . 18 the hydrogen consumption of HFC at node n dur-

ing period £ and P . and Pype i, are the upper and low-
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er limits of the electrical power outputs of HFC, respectively.

Additionally, the produced green hydrogen is also sup-
plied to MR, where it reacts with carbon dioxide to synthe-
size methane, which can be expressed as:

Oy,

VMKCH4.n.t = ”MRVMR‘,HZJL} 0
CH,

“)

MMK CO,,nt :ﬂCOZVMKCH4,n,t
VMR,CHd.min S VMR,CH_,‘.,II.,lg VMR_CHA,max

where Vyg cp, ., 18 the volume of natural gas produced by
MR at node n during period # Vygy ., is the the volume of

hydrogen consumed by MR at node n during period #; 7, is
the methanation efficiency of MR; QO is the calorific value

of natural gas; My o, ,, is the mass of CO, consumed by
MR at node n during period #; S, is the carbon consump-
tion coefficient of MR; and Vyg cy, max @04 Vg e, min are the

upper and lower limits of the volume of natural gas pro-
duced by MR, respectively.
2) ACEF Model for Green Hydrogen Production

Based on the CEF model of multi-energy flow system for
electricity, natural gas, and heat established in previous work
[22], and the CEF models for energy coupling equipment
represented by natural gas turbines (GTs) and combined heat
and power (CHP) units, the ACEF model for the entire pro-
duction-consumption-storage process of green hydrogen pro-
duction can be derived. The CEF for energy coupling equip-
ment adheres to the carbon emission conservation principle,
ensuring consistent allocation and transfer of emissions across
energy systems.

PininiPinint=PosuniLowtuns (5)
where p, ..., and p ., are the carbon intensities (Cls) at the
input and output ends of equipment u at node » during period
t, respectively; and Py, ,,and P, ., are the input and output
power of equipment u at node n during period ¢, respectively.

Regarding EL as a single-input single-output equipment,
the relationship between CI at input and output ports of EL
can be expressed as:

(6)

where py, g, and po g ., are the Cls at the input and out-

PintrniPEL eni=PowrrnV b H,. n,zQHZ

put ports of EL at node n during period ¢, respectively. Ac-
cording to (1), poy e ., Can be expressed as:

_ PinELns
pouLEL‘nJ_
MeL

Regarding HFC as a single-input multi-output equipment,
the relationship between the CI at the input and output ports
of HFC can be expressed as:

)

®)
where p; g, is the CI at the input port of HFC at node n
during period #; and p_ e, and py e, are the Cls at the
electrical and thermal output ports of HFC at node n during
period ¢, respectively. According to (3), we have:

Pinrc,nV e, H,. n.zQH2 =P onrc,n Prurc.n et Prurc n Hurc ne
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P _ Pinnrcn:
e, HFC,n,t —
2Myrc.e
)
o _ PinHFC.nt
h,HFC,n,t —
2’7HFC,h

HS can be considered as an energy storage device, where
the carbon emissions associated with the natural gas storage
process are quantified as:

Min,HS, nt :pn,tVHS‘ in, nJQHzAt (10)

where M, ¢, is the carbon emission charged into HS at
node n during period #; p,, is the CI at node n where HS is
located during period # and Atf is the time interval. During
the discharge phase of HS, carbon is released concomitantly
with hydrogen as:

_ Pusni-1Vusni-1 ¥ Mignsni = Mowns,n

Pus.ni= 11
HS et VHS,n,t ( )
V out, nn, Q )

M yus = 2l Pus.ni- 1A (12)
Mus
where M is the carbon emission released from HS at

out, HS, n, ¢

node n during period ¢, and p,q,, is the CI of HS at node n
during period .

From (4), the amount of CO, consumed by MR to pro-
duce natural gas during period ¢ is expressed as:
ﬂCOZ;/IMRVMR.HZ.n.tQH:

QCH4

Therefore, the CI at the output port of MR is expressed as:

(13)

MMR. CO,,n,t =

My, co.mt ﬁCOﬁMRVM& Hz,n,tQHz

pMKi1,t: V (14)

2
MR,CHmn,tQCH4 VMK CH4.n.tQCH4

III. MULTI-AGENT BI-LEVEL GAME MODEL CONSIDERING
PROPOSED MECHANISM

A. Stackelberg Game Optimization Decision Model for PIES

1) Optimization Decision Model of Energy Suppliers
The objective of each PIES is to minimize the operation
costs and carbon penalty costs, as expressed in (15)-(20).

min Ci=C,0ptCim (15)
T
Ci,op: Z(Ct)buy (Pi.t’ Gi,t)_Ci,sell (Pi,t,sell)+ci,nsp (Pi.t,nsp+Hi,t,nsp+
=
Gi,t,nsp)+C;’/’(pi/}t.e’qi/',t,e’pg'j.t,c’q[/,t,c)+C[/,net(qij.t,e))At (16)
C1[,pun:
5pun Ei,c_(Ei,c.O_ z Eij.c) Ei,c> Ei,c,O_ z Eij,c
jedj#i jedj#i
O Ei,cS(Ei.c,O_ z Eij,c)
jETg=i
17)
T
Eje= >y (18)
t=1
Ci.buy (Pi,t’ Gi,t):5Lbuy,,ePLt+5t,buy,gGi.,t (19)
CLsell (Pi.tesell)Zét,sell.ePi,t,sell (20)
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where J is the set of agents; C, is the total cost of agent i;
C,,p 1s the operation cost of agent / including trading cost;
C, pun 18 the penalty cost paid by agent i for carbon emissions
exceeding the allocated allowance; C,,, () and C, () are
the energy purchasing cost function and energy selling reve-
nue function of agent i, respectively; C, ., () is the load shed-
ding penalty cost of agent i; C;(-) is the trading cost func-
tion between agents i and j; C; () is the grid tariff function
between agents i and j; P,, and G,, are the electricity and natu-
ral gas volumes purchased by agent i during period ¢, respec-
tively; P, . is the electricity sold by agent i to the upper-level
grid during period t; P, ., H;, > and G, are the electrici-
ty, heat, and natural gas load shedding volumes of agent i dur-
ing period ¢, respectively; ¢;,. and g, are the trading vol-
umes of electricity and carbon allowances between agents i
and j during period ¢/, respectively; p, . and p, , . are the trad-
ing prices of electricity and carbon allowances between agents
i and j during period ¢, respectively; £, , and £, are the free
carbon allowance allocated to agent i and the actual carbon
emission, respectively; £, is the total carbon allowance trad-
ed between agents i and j; J,,, is the carbon emission excess
penalty coefficient; d,,,, . and d,,,, , are the electricity and nat-
ural gas purchased from the upper-level grid during period ¢,
respectively; and J, . is the electricity sold by the agent to
the upper-level grid during period ¢. The constraints include
the carbon allowance constraints, the constraints of the elec-
tricity, natural gas, and heat subsystems, as well as the con-
straints of coupled devices, as shown in [31].
2) Pricing of Energy Suppliers

The optimal scheduling plan obtained from solving the
above model will be used as input to calculate the CI at
each load node based on the ACEF model. We adopt the
CEF model of electric power system proposed in [17],
which is expressed as:

2 SniProncie + 2 P, Pecere

kT €<G,

z f}cn.,t + ng,t

leL(.n) geG,

@n

PriNcle =

where G, is the set of generation units located at node #;
L (,n) is the set of electrical lines terminating at node n; f,,,
is the line power flowing from node & to node n during peri-
od t; P,, is the output power of generation unit g during pe-
riod # p,.ncie and py,nce are the node carbon intensities
(NCIs) of nodes n and k during period ¢, respectively; and
Pgiaere 18 the generation carbon intensity (GCI) of generation
unit g during period .

Similar to the electric power system, the NCI within the
natural gas system adheres to the energy distribution princi-
ple, which is expressed as:

z Rk"»ng + z Ga,tpo(t.GCIgB

keL,(.n) 0e0,
pn‘t,NClg = (22)
Gkn,t + 2 Go,tpoft.GCIg B
keL,(.n) 0e0,
E
Po.i.Gelg = B (23)

where L,(-,n) is the set of natural gas pipelines terminating
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at node n; O, is the set of natural gas sources located at
node n; R, ,, is the CERF for the natural gas pipeline (k n)
injecting into node n during period #; G,, is the output pow-
er of natural gas source o during period f; G,,, is the output
power of the natural gas pipeline (k, n) injecting into node n
during period #; p,  xci, 18 the NCI of node n during period £
Poiacr 18 the GCI of natural gas source o during period ¢, £
is the carbon emission coefficient of natural gas; and B is the
calorific value of natural gas, which is set to be 10.45 kWh/m®,
leading to the value of p, , 5, =0.2 tCO,/MWh [32].

The heat system comprises heat sources, heat pipelines,
and heat loads. The heat generated from the sources is trans-
mitted to the loads via water circulation in the heat pipe-
lines, which are categorized into supply pipelines and return
pipelines based on the flow direction of the water. The pro-
cess of pipeline expansion for the heat system is shown in
Supplementary Material A Fig. SA2. Its CEF model is sepa-
rately computed for the supply and return systems.

2 pkn, £,BCIh, S cwatermkn, S (Tlm, tSI Tkn, t,SO )
kelLy(.n)

Pu.tNClh.s = (24)
2 (T i51™ T 50 M5
kel ()
2 Pk 8 R CwaterMak iR Loori = Tt 1 ro )
kelL,(n-)
Pn.tNCIh R = (25)
2 (Toeri= T ro MMorir
)

keLy(n.-

where L, (n,-) and L, (-,n) are the sets of heat pipelines start-
ing and ending at node n, respectively; ¢, 1S the specific
heat capacity of the fluid in the heat pipeline network; m,, ¢
and m,, ,r are the heat and return flow rates in the heat pipe-
lines (k,n) and (n,k), respectively; T, mest and Ty o are the
inlet and outlet temperatures of the supply pipeline (k, ») dur-
ing period ¢, respectively; T, and T, o are the inlet and
outlet temperatures of the return pipeline (n, k) during period ¢,
respectively; p,, , nems and p,,, e r are the NCls for the supply
and return nodes during period ¢, respectively; and py, ,gems
and p, . gon r are the branch carbon intensities (BCls) for the
supply and return pipelines during period ¢, respectively.

The energy selling price during each period is then linked
to the CI at each load node through carbon emission cost co-
efficient. The energy selling price can be expressed as:

Cw. dit= Cw., d.t,0 + KP .1 (26)

where (, ,, is the selling price of energy type « for load d
during period #; (, ., is the initial selling price of energy
type w for load d during period ¢; x is the carbon tax; and
Po.a. i the CI of energy type « for load d during period .
3) Optimization Decision Model of Energy Users

In response to upper-level energy price signals, consumers
optimize their usage behavior with the objective of minimiz-
ing total energy acquisition costs.

T
min Ci,user = E(CI, te Pi,t + a I.gGi,t + Q, th Hiit ) (27)
t=1

where C, .. is the energy purchasing cost of consumer i;
Cives Ciup and (G, are the electricity, heat, and natural gas
prices of consumer i during period ¢, respectively; P, G,,

and F,, are the optimized electrical, natural gas, and thermal
loads of consumer i during period ¢, respectively.
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The price-based demand response model is employed for
both electrical and heat loads. Taking electrical load as an
example, the demand response model can be expressed as:

& & &

XX Xy Xz
2= Epx &y &y (28)
gzx 8zy gzz
-1
AD_ [ AL
— X X 2
|2 @)
-1
AD, [ A,
g = —>| - 30
=il (30)
1 AL
AD, = Z%T}Dx 31)
y=1 v

where ¢, ¢, and ¢__ are the self-elasticity coefficients of elec-
tricity prices during periods x, y, and z, with the remaining co-
efficients representing cross-elasticities of electricity prices, re-
spectively; ¢ and A, are the original electricity price during
period x and the change in electricity price, respectively; ¢,
and A, are the original electricity price during period y and
the change in electricity price, respectively; and D, and AD,
are the original electrical load during period x and the change
in load resulting from price change, respectively.

B. Multi-agent Cooperative Game Model

In multi-agent bi-level game model, we establish a multi-
agent cooperative game model based on Nash bargaining the-
ory, which considers both collective and individual rationali-
ty in deciding the trading prices and volumes of electricity
and carbon allowances. The standard model of Nash bargain-
ing can be expressed as:

max H(U —U)
iel (32)
st. U>U,

where [/ is the set of agents participating in the cooperative
game; U, is the operation cost of agent i after engaging in

i

the cooperative game; and U, is the bargaining threat point,
corresponding to the operation costs of agent i before engag-
ing in the cooperative game. A nonlinear optimization prob-
lem is represented in (32). According to [33], this problem is
decomposed into two more tractable subproblems: maximiz-
ing cooperative benefits and managing energy trading pay-
ments. U, is derived as:

(Pi,t’ Gi,t)_ Ci,sell (Pi,t,sell)+

i,buy

T
U,=min E(C
=1

C (P

i,nsp (

+H ,  _+G

i,t,nsp i1, nsp i,t,nsp i, pun (3 3)

DAL+ C, )

1) Subproblem of Maximizing Cooperative Benefits
The augmented Lagrangian function L, (), which repre-
sents the subproblem of maximizing the cooperative benefits
for agent i, is expressed as:
L, (ij’l/i”ljj_l9p[/,l )=C o+ 2 Aiﬁl (Xi/+in)+

jETj=i

Pijt
>

jETT#i

Xt Xji Hz (34)
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where C, is the total cost of agent i excluding trading costs;
x; and x; are the generalized expressions for electricity and
carbon allowance trading volumes between agents i and j, re-
spectively; 4;, is the Lagrange multiplier for energy cou-
pling constraints between agents i and j; and p,, is the pen-
alty parameter for the subproblem of maximizing coopera-
tive benefits between agents i and ;.
2) Subproblem of Energy Transaction Payment

For agent 7, the augmented Lagrangian function L, (-) for
the subproblem of energy transaction payment can be ex-
pressed as:

T
Li,2(CiﬂCji’;{zj.Z’pzj,Z):_ln(Ui_Czil_ zCij(Cij’Cji) +
=1
S a@Go+ S 2o -¢, (35)

jedj#i jelj#i

where C, | is the optimal solution of subproblem of maximiz-
ing cooperative benefits; ¢; and ¢, are the generalized expres-
sions for the trading prices of electricity and carbon allow-
ances between agents i and j, respectively; 4,, is the La-
grange multiplier for the subproblem of energy trading pay-
ment; and p,, is the penalty parameter for the subproblem
of energy trading payment.

IV. SOLUTION METHOD FOR PROPOSED MODEL

A. Solution Based on PR-ADMM Algorithm

The PR-ADMM algorithm is based on the concept of PR
splitting and involves introducing an intermediate Lagrange
multiplier 4, ,, on the basis of the traditional ADMM algo-
rithm [34], essentially performing two iterations on the La-
grange multiplier . When the information is transmitted be-
tween agents i and j in the forward direction i—j, a half
power multiplier penalty term is added on the basis of the
original dual variable. This term is used for the iterative up-
date during the reverse information transmission. Converse-
ly, during the reverse direction i<—j, another penalty term is
added to 4,,,,, and used for the next iteration update to
speed up convergence. Simultaneously, the penalty parameter
p is multiplied by a relaxation factor a €(0,1) to ensure that
the iteration is strictly converged. The convergence of the
aforementioned iterative method is strictly proven in [35].

Xijk+1— I n}m L, (X(/;k’)(ji.k’ )“[/'.k’p[/,k)
ij

Airon=Rget 005 K Y Xix)

. (36)
Xjik+1 =L H;m Lj (Xy;mle)(ji,kv/ly,m l/27pij.k)

/1[/,1{+l Z/I;j.h it ap(/,k()({/,k+l tXjik+1 )

where k is the iteration of the PR-ADMM algorithm; y, ,
and y;, are the generalized expressions for the electricity
and carbon trading allowances between agents i and j in the
k" iteration, respectively; Xiker and y; .., are the generalized
expressions for the electricity and carbon trading allowances
between agents i and j in the (k+1)" iteration, respectively;

A, is the Lagrange multiplier for the energy coupling con-
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straint between agents i and j in the k™ iteration; and P 18
the penalty coefficient for the subproblem of maximizing co-
operative benefits between agents i and j in the k™ iteration.

The convergence in the PR-ADMM algorithm is deter-
mined by verifying whether the primal and dual residuals
fall within the predefined tolerance levels.

ikl = Wier H it S €

37
|S4'/Lk+1| = |/’1;,'.k+1 (X[j,lH- 1 Xk ) <€ 37

where 7., and s;,,, are the primal and dual residuals be-
tween agents i and j in the (k+1)™ iteration, respectively;
Piiss1 18 the penalty coefficient for the subproblem of maxi-
mizing cooperative benefits between agents i and j in the (k+
)™ iteration; and €,; and ¢, are the convergence tolerances
for the primal and dual residuals, respectively.

In PIES, the optimization decision model of Stackelberg
game is solved using the alternating iteration method. The
convergence criterion is that the variation in prices of vari-
ous types of energy on the supply side is less than or equal
to the given convergence tolerance.

‘é.w, it é'a)., iLtt—1 | < gprice (3 8)

where ¢ ;.. is the convergence tolerance for the optimization
decision model of Stackelberg game; and (,;,, and ;.
are the selling prices of energy type w for consumer i during
period ¢ in the 7™ and (r— )™ iterations, respectively.

B. Solution Process of PR-ADMM Algorithm

The solution process of PR-ADMM algorithm is shown in
Algorithm 1, where k, and k, are the iteration number coun-
ters.

Algorithm 1: PR-ADMM algorithm

L. Input: 5, &4,y, and &,

2. Initialize: k<—1. Set values for 4, and p;,
3. Repeat:
1) r <—1. Initialize values for P,,, G, H,,, {, 4,0 and x
2) Repeat:
3) Solve (15) to obtain y; and x,; and solve ACEF model to obtain p, ,,
B Let &, 4 Coarot  Pous
5) Solve (22) to retrieve P, ,, G,
6) Let 7 «—+1
TUntl|C, =il S Eprice
CLet [y ol Dgnon P ikl @0 ISy il 1y 1 Qa1 F 2k o1 ¥
A Py (36), (39)
-kl

. Until |ry, , |<¢

and H,,

pri and |Sij.k‘+l‘£€dual

. Input: y; and y,

© 0 N O U A

. Initialize: k,<—1. Set values for 4, and p;,

10. Repeat:

11. Solve (15) to obtain ¢;; and ¢,

12, Let ry | =101+ Ginarl @0 sy il <= 105000 Gior + Gt )V’
13. 45, pyia (36), (39)

14. k,—k,+1

15. Until |ry, ,\|<e,; and |s; | <eg

pri
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C. Update of Penalty Parameter

The setting of the penalty parameter is crucial for the con-
vergence and stability of the algorithm. A too large penalty
parameter may lead to overfitting, causing the optimal solu-
tion to be unstable, while a too small penalty parameter that
may fail to effectively constrain the optimization model, re-
sulting in an inaccurate solution. The initial value of the pen-
alty parameter is often preset based on empirical values.
This paper proposes a strategy to dynamically update the
penalty parameter based on the PR-ADMM algorithm, select-
ing different p, , according to primal and dual residuals.

¢inpij.k |rij,k|>(0|sij,k|
Pijk
Piki1= ¢lj |r{/,k|<(ﬂ|s(/,k| (39)
de
Piik else

where ¢,, and ¢, are the increase and decrease factors, re-
spectively; 7, and s, are the primal and dual residuals be-
tween agents i and j in the k™ iteration, respectively; and ¢
is the proportional coefficient.

According to (39), the penalty parameter is dynamically
adjusted based on the size of the error. When the constraint
error is large, the penalty parameter can be increased to
more tightly enforce the constraint. When the constraint er-
ror is small, the penalty parameter is reduced, allowing the
algorithm more freedom to search for a better solution and
accelerating the convergence to the optimal solution. Thus,
the initial values are set to be =0 and p=0.1.

V. CASE STUDY

In order to validate the effectiveness of the proposed
mechanism and PR-ADMM algorithm, three representative
PIESs with different resource endowments are selected.
Among them, PIES1 and PIES2 represent intensive areas of
energy consumption, equipped with distributed wind power
and distributed photovoltaics (PVs), respectively. PIES3 rep-
resents a low energy consumption area with abundant renew-
able energy, equipped with distributed wind power, distribut-
ed PVs, and green hydrogen production equipment. A small-
scale system and a relatively large-scale system are used to
validated the proposed mechanism. The former consists of
an E9-G6-H6 system, which includes a 9-node power grid, a
6-node natural gas network, and a 6-node heat network, as
well as an E9-G6-H6 system and an E7-G6-H6 system. The
latter consists of an E85-G30-H30 system, an E69-G18-H18
system, and an E33-G10-H6 system. Detailed system param-
eters are referred to [36] and [37]. The penalty coefficient
for exceeding the free carbon allowance is 0.06 $/kgCO,e,
and the carbon emission cost coefficient is set to be 0.02 $/
kgCO,e [38]. Note that CO,e represents the carbon dioxide
equivalent. The electricity purchased from the upper-level
grid is set according to the time-of-use price. The model is
solved by MATLAB software coupled with the Gurobi solv-
er, running on a Windows 11 system powered by an Intel
Core i7-13700H CPU at 2.4 GHz and 32 GB of RAM. The
scheduling cycle covers 24 hours with one-hour intervals.
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Three cases are designed to compare and validate the pro-
posed mechanism. Additionally, the impact of green hydro-
gen production equipment on reducing operation costs and
carbon emissions is evaluated.

1) Case 1: multi-PIESs engage in negotiations in separate
electricity market and carbon market, with no information
exchange or price coordination between them, and PIES3 op-
erates without green hydrogen production equipment.

2) Case 2: multi-PIESs engage in negotiations under the
proposed mechanism, and PIES3 operates without green hy-
drogen production equipment.

3) Case 3: multi-PIESs engage in negotiations under the
proposed mechanism, and PIES3 operates with green hydro-
gen production equipment.

A. Effectiveness Analysis of Proposed Mechanism

The performance of the proposed mechanism is evaluated
by comparing the operation costs and carbon emissions of
each PIES and the overall system across Case 1 and Case 2,
with detailed results summarized in Table I.

TABLE I
OPERATION RESULTS OF PIESS IN THREE CASES

Operation Actual Traded Accounted
Case PIES cIZ)st ) carbon carbon carbon
emission (t) allowance (t) emission (t)
PIES1 7125.24 14.91 1.15 13.76
PIES2 6968.25 14.49 0.95 13.54
Case 1
PIES3 6280.92 10.80 -2.10 12.90
Total 20374.41 40.20 40.20
PIES1 6984.58 14.86 1.16 13.70
PIES2 6886.07 14.47 0.97 13.50
Case 2
PIES3 6225.53 10.77 -2.13 12.90
Total 20096.18 40.10 40.10
PIESI 6974.70 14.85 1.16 13.69
PIES2 6842.64 14.45 0.99 13.46
Case 3
PIES3 6093.27 10.74 -2.15 12.89
Total 19910.61 40.04 40.04

From Table I, it is evident that the proposed mechanism
reduces the total operation costs of the PIES. Specifically, it
achieves a 1.37% reduction compared with the independent
electricity—carbon market mechanism. In Case 1, PIESs partic-
ipate in the electricity market to procure electricity for meeting
their load demand. They also separately engage in the carbon
market to purchase allowances, covering any excess emissions
at the end of the scheduling horizon. Decisions are made uni-
laterally, and agents continue purchasing electricity even when
trading prices are relatively high, thereby failing to achieve
economic optimization. In Case 2, the proposed mechanism is
employed, which fully considers the price signals within the
same time period. During the negotiation process, agents can
simultaneously decide on energy trading or carbon allowance
trading. Thus, the proposed mechanism demonstrates momen-
tous advantages in both economic efficiency and carbon reduc-
tion.
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B. Effectiveness Analysis of Green Hydrogen Production

To verify the effectiveness of green hydrogen production
equipment for PIES3 and the entire region in both economic
efficiency and carbon reduction, we compare the operation
results of Case 2 and Case 3, as shown in Table I. Com-
pared with Case 2, the actual carbon emissions of PIES3 in
Case 3 decrease by 0.23%. Additionally, the operation costs
of PIES3 and total operation costs decrease by 2.12% and
0.92%, respectively. The underlying reason is that PIES3, en-
dowed with abundant renewable resources, can utilize green
hydrogen production technologies to supply zero-carbon hy-
drogen. The green hydrogen output can further serve as a
clean energy carrier for the production of zero-carbon electrici-
ty and heat. When used in methanation, it can consume a cer-
tain amount of carbon dioxide, effectively reducing the carbon
emissions of PIES3. Additionally, as a member of the regional
cooperative alliance, PIES3 seecks to reduce the trading price
of electricity produced from green hydrogen, which contrib-
utes to a reduction in the total operation costs.

C. Trading Result Under Proposed Mechanism

To validate the effect of the proposed mechanism on trad-
ing results through the interaction of electricity and carbon
information during different periods, the electricity trading
volume and trading price in Case 2 are compared with those
in Case 1. The results are shown in Supplementary Material
A Fig. SA3 and Fig. SA4. Compared with the independent
electricity — carbon market mechanism, the outcomes under
the proposed mechanism are influenced by the carbon allow-
ance trading volume. Consequently, trading volumes are re-
duced during the majority of periods.

Combined with the electricity trading price shown in Sup-
plementary Material A Fig. SA4(a) and Fig. SA4(b), in Case
1, during 01:00-05:00, 14:00, and 23:00-04:00, the electrici-
ty trading price is close to the grid electricity price. The rea-
son why PIES still chooses to trade electricity is that the car-
bon emission penalty costs are borne by the seller. Since the
trading price is below the grid electricity price that includes
carbon penalties, the PIES achieves lower operation costs rel-
ative to direct grid procurement. In Case 2, the electricity
trading volume during the aforementioned periods decreases.
The underlying reason is that a trading price close to the
grid electricity price enables the PIES to react efficiently
within the carbon market, leveraging the price signals from
the electricity market. Agents can purchase the remaining
carbon allowances from other PIES in advance, thereby re-
ducing electricity trading volume. This allows for trading de-
cisions that balance both low carbon emissions and econom-
ic efficiency. As a result, the operation costs in energy-inten-
sive core areas are significantly reduced.

In summary, the proposed mechanism demonstrates eco-
nomic and low-carbon advantages in the optimized operation
among PIESs. It also highlights the impact of energy-carbon
information interaction on trading volume and price over dif-
ferent periods. Furthermore, due to differences in load de-
mand and renewable energy configurations across PIES,
each agent exhibits distinct resource trading tendencies.
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These tendencies evolve throughout the scheduling period,
guided by the proposed mechanism. This indicates that the
complementary resource advantages and the cooperative
game among the parks are crucial for optimizing regional re-
source allocation. Consequently, this cooperation contributes
to the realization of low-carbon economic scheduling.

D. Effectiveness of ACEF Model

In order to demonstrate the validity of the proposed ACEF
model, two typical scheduling periods are examined to ana-
lyze the CEF behavior of PIES3. Figure 2 shows the ACEF
of PIES3 at 02:00, where the red and blue pipelines and
loads represent the supply and return systems of the heat sys-
tem, respectively. Supplementary Material A Fig. SAS5 shows
the corresponding CEF pathways from energy sources to
consumers.

1) Period 1: 02:00, which represents the valley of load
and the peak of renewable energy output.

2) Period 2: 13:00, which represents the peak of load and
the valley of renewable energy output.

From Fig. 2, it can be observed that during period 1, MR
uses hydrogen to synthesize methane for CHP, consuming
39.64 kg of CO,. This is because, during this period, the out-
put of renewable energy generation exceeds the electric load
demand, allowing excess energy to be used by EL to pro-
duce green hydrogen. This green hydrogen is further com-
bined with CO, in MR to generate methane that can be con-
sumed by CHP. On one hand, CI at the terminal of CHP is
reduced, which is beneficial to the reduction of carbon emis-
sions of the entire system. On the other hand, it reduces the
amount of natural gas purchased from natural gas sources,
which reduces the energy supply costs of the system. From
Supplementary Material A Fig. SAS, it can be observed that
there is no excess renewable energy available for green hy-
drogen production during period 2, and the equivalent for
green hydrogen production equipment is inactive. Green hy-
drogen technology enhances renewable energy utilization,
thereby reducing system supply costs and carbon emissions.
The results during period 1 reveal that the total carbon emis-
sions at the supply end of PIES3 are 242.41 kg, while the to-
tal carbon emissions at the output end are 172.33 kg. The
amounts of carbon emission from losses of the compressor
and the heat system are 30.44 kg, MR consumes 39.64 kg,
and the total carbon emissions achieve a balance.

During this period, the system exhibits a relatively low
level of carbon emissions, mainly due to the reverse peak-
shaving characteristic of wind power. The wind power is pri-
oritized to meet the load demand, resulting in a lower CI. In
contrast, during period 2, the total carbon emissions at the
supply end are 445.21 kg, while the total carbon emissions
at the output end are 391.91 kg. The carbon emission from
losses of the compressor and the heat system is 53.3 kg,
maintaining the conservation of total carbon emissions with-
in the system. There is no excess green electricity available
for green hydrogen production during period 2, necessitating
the purchase of more natural gas to meet the load demand.
This results in a higher overall CI of PIES3 during period 2.
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Fig. 2. ACEF of PIES3 at 02:00.

E. Effectiveness Analysis of PR-ADMM Algorithm

To analyze the sensitivity of the PR-ADMM algorithm
with different convergence accuracies, Supplementary Materi-
al A Table SAI presents the computational results of the PR-
ADMM algorithm under different convergence accuracies.
As the convergence accuracy increases, the total cost of the
PR-ADMM algorithm gradually decreases. Meanwhile, the
number of iterations and the computational costs also in-
crease with higher accuracy. However, when the accuracy is
set to be 107, the total cost decreases slightly, while the iter-
ation time increases significantly. Therefore, a convergence
accuracy of 107 is selected in this paper.

A comparative analysis with the widely used traditional
ADMM algorithm is conducted to validate the superior solu-
tion efficiency of the PR-ADMM algorithm. The analysis fo-
cuses on solving the cooperative benefit maximization sub-

problem in Case 3. The comparison of calculation efficiency
of different algorithms is shown in Table II. And the residual
convergence curve of the PR-ADMM algorithm is shown in
Fig. 3.

TABLE II
COMPARISON OF CALCULATION EFFICIENCY OF DIFFERENT ALGORITHMS

Aleorithm Total operation Solution Number of
& cost ($) time (s) iterations
Traditional ADMM 209342.56 2573.78 19
PR-ADMM 207660.51 1843.08 13

From Table II, it is evident that compared with traditional
ADMM algorithm, the total operation cost of the PR-AD-
MM algorithm is reduced by 0.81%, the solution time is re-
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duced by 28.39%, and the number of iterations is reduced
by 31.58%, demonstrating significant advantage in computa-
tional efficiency. In combination with Fig. 3, it can be ob-
served that the PR-ADMM algorithm achieves convergence
within only 13 iterations, which has obvious advantages in
both solution efficiency and accuracy. This improvement is
attributed to the half-step update of the Lagrange multipliers
in each iteration of the PR-ADMM algorithm, effectively en-
hancing the convergence performance.

12
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—4—PIES3

Primal residual

01 2 3 4 5 6 7 8 9 1011 12 13 14
Iteration
(a)
8
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Iteration
b
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Fig. 3. Residual convergence curve of PR-ADMM algorithm. (a) Primal re-
sidual convergence curve. (b) Dual residual convergence curve.

VI. CONCLUSION

This paper proposes an electricity—carbon market collabor-
ative decision-making mechanism for market participants.
The main conclusions are as follows.

1) The proposed mechanism realizes the coordination of
strategies in multiple markets on the same timescale. Com-
pared with independent electricity—carbon market mechanism,
the total operation cost of the PIESs has been reduced by
1.37%.

2) The established ACEF model can achieve a tight cou-
pling of energy flow and carbon flow. By utilizing node-lev-
el carbon intensity indicators, carbon signals are transferred
from the supply side to the demand side, fostering user en-
gagement in patterns of low-carbon energy usage.

3) The PR-ADMM algorithm increases the update frequen-
cy of dual variables in the process of solving the multi-agent
bi-level game model. The solution time is reduced by
28.39% and the number of iterations is reduced by 31.58%.

In future work, the research will explore the integration of
the carbon market and electricity market over extended time
horizons, with a focus on developing joint decision-making
mechanisms under multi-period conditions.
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