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The surge of distributed renewable energy resources has given rise to the emergence of prosumers, 
facilitating the low-carbon transition of distribution networks. However, flexible prosumers introduce 
bidirectional power and carbon interaction, increasing the complexity of practical decision-making in 
distribution networks. To address these challenges, this paper presents a carbon-coupled network 
charge-guided bi-level interactive optimization method between the distribution system operator and 
prosumers. In the upper level, a carbon-emission responsibility settlement method that incorporates the 
impact of peer-to-peer (P2P) trading is proposed, based on a carbon-emission flow model and optimal 
power flow model, leading to the formulation of carbon-coupled network charges. In the lower level, a 
decentralized P2P trading mechanism is developed to achieve the clearing of energy and carbon-
emission rights. Furthermore, an alternating direction method of multipliers with an adaptive penalty 
factor is introduced to address the equilibrium of the P2P electricity–carbon coupled market, and an 
improved bisection method is employed to ensure the convergence of the bi-level interaction. A case study 
on themodified IEEE 33-bus systemdemonstrates the effectiveness of theproposedmodel andmethodology. 

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license 

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introduction 

The profound threat posed by global warming to natural 
ecosystems and human development has garnered widespread 
attention [1]. Addressing climate change, reducing carbon emis-
sions, and implementing sustainable development strategies have 
become shared goals among nations around the world. The con-
sumption of fossil fuels by thermal power plants is a significant 
global source of carbon emissions [2]. Prosumers, which are cap-
able of generating electricity from distributed renewable energy 
sources (RES), are rapidly increasing in number due to their ability 
to promote energy emission reduction. In this context, prosumers 
can achieve energy trading and sharing through peer-to-peer 
(P2P) trading, which are one method to enhance the utilization rate 
of distributed renewable energy and meet carbon-reduction tar-
gets [3]. However, prosumers must bear the costs associated with 
carbon reduction while considering carbon-reduction targets. 
Therefore, it is crucial for prosumers to effectively coordinate their 
electricity demand with their carbon emissions, which is essential 
for achieving sustainable economic development. 

The electricity–carbon coupled trading market is viewed as a 
viable solution to the aforementioned challenges. Within this mar-
ket, prosumers can purchase the required energy and carbon-
emissions rights (CER) through both the electricity market and 
the CER market. P2P trading, as an emerging energy trading model, 
can effectively facilitate decentralized, flexible, and autonomous 
trading [4]. The P2P trading mechanism has been recognized as 
an effective approach to prosumer electricity trading [5]. In the 
CER trading market, market participants can sell or buy corre-
sponding CER to ensure their emissions are within carbon-
emission allowances. The price of CER in this market is determined 
by market competition, similar to the energy trading market [6]. 
Thus, in a market environment where electricity and CER are cou-
pled, the P2P mechanism can serve as an effective coordination 
framework [7]. 

Current P2P solutions include bilateral contract-based methods 
[8], game-theoretic-based methods [9,10], auction schemes
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[11,12], and distributed algorithmic approaches [13,14]. The bilat-
eral contract-based method, as presented in Ref. [8], introduces 
bilateral contract networks as a new scalable market design for 
P2P energy trading to mitigate the impact of uncertainty. Game-
theoretic-based methods consider the mutual influence of pro-
sumer decision-making and describe the competition among pro-
sumers using game theory. Ref. [9] established a P2P energy-
sharing scenario based on the Stackelberg leader–follower game 
that minimizes carbon and energy costs while enhancing prosumer 
benefit. Ref. [10] formulated the P2P coupled market as a risk-
averse stochastic Stackelberg game and proved its Stackelberg 
equilibrium. Unlike game theory models, the bilateral auction pro-
cess involves a centralized clearing process to achieve energy 
clearing. Ref. [11] proposed a combinatorial auction method to 
address resource allocation among prosumers in residential com-
munities, and Ref. [12] employed a multi-round double auction 
method to facilitate the energy-clearing process for multiple pro-
sumers. In recent years, numerous studies have focused on trading 
negotiation schemes between prosumers without the involvement 
of a distribution system operator (DSO) and have employed decen-
tralized trading negotiation processes facilitated by distributed 
algorithms, such as the subgradient method [13] and the multiplier 
alternating direction method [14]. 

Achieving P2P electricity–carbon coupled trading among 
prosumers still presents two primary challenges: ① How can 
electricity–carbon market coupled trading be implemented, and 
how can the carbon emissions of prosumers be accurately calcu-
lated; and ② as P2P energy trading requires physical network deliv-
ery from the actual power distribution network, how can prosumers 
conduct economical low-carbon trading while ensuring network 
secur ity?

To address the first challenge, the coupling of electricity and car-
bon markets can be reflected by incorporating the value of transac-
tional CER into energy pricing, thereby influencing prosumer 
trading preferences and ultimately achieving cost-effective decar-
bonization [15]. The introduction of the bilateral carbon trading con-
cept provides a new approach for the allocation of carbon-emission 
responsibilities [16], by tracing carbon emissions and allocating 
responsibilities to both generators and consumers. Ref. [17] proposed 
a bi-level multi-energy system planning model with the interaction 
of twomarkets, using the carbon-emission flow (CEF) model to calcu-
late emissions from the demand side with regional emission con-
straints. Ref. [18] presented a two-stage scheduling model applying 
the CEF model to track carbon flows, demonstrating the feasibility 
of carbon-oriented operational planning. Ref. [19] established a CEF 
model for an integrated electricity–gas–heat energy system, quanti-
fying CEFs coupled with multiple types of energy flows. Ref. [20] 
introduced an integrated energy–carbon pricing method for multi-
energy systems. However, due to the intricate structure of the distri-
bution network and the scarcity of downstream carbon-emission 
monitoring points, it was not feasible to track individual user 
carbon-emission intensities. As a result, the carbon pricing was deter-
mined based on the weighted carbon intensity of various nodes, 
thereby incorporating carbon-emission costs into the transmission 
and distribution side. However, the different trading behaviors of 
prosumers in local energy trading lead to different CEFs, and further 
research is required on how to allocate carbon-emission responsibil-
ities based on the distinct trading behaviors of prosumers. 

For the second challenge, network charges are considered an 
effective way to incentivize prosumers by transferring the respon-
sibility of network security constraints to them, thereby turning 
the reduction of system risks into a self-motivated goal for pro-
sumers [21]. Existing network charge strategies mainly include 
electrical distance costs [22], regional cost-allocation strategies 
[23], and distribution locational marginal price (DLMP) [24]. The 
authors of Ref. [22] calculated the transmission fee using the elec-
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trical distance method and incorporated it into the prosumer trad-
ing negotiation decision phase. Ref. [23] used the regional cost-
allocation method for network usage cost sharing, influencing 
P2P trading decisions. Ref. [24], based on the second-order conic 
alternating current (AC)-optimal power flow (OPF) model of the 
distribution network, used the difference in DLMP to calculate 
the network usage charges that prosumers should pay, ultimately 
ensuring the secure operation of the network. In summary, guiding 
prosumers to voluntarily adjust their trading behaviors through 
price signals greatly enhances prosumer enthusiasm and economic 
efficiency. However, the aforementioned network charges, while 
effectively guiding prosumer trading behaviors, are operationally 
oriented and do not reflect the carbon intensity in the network, 
making it difficult to assess the carbon-reduction benefits of each 
transaction. Therefore, existing network charge strategies lack 
carbon-oriented costs to guide low-carbon trading, and it is neces-
sary to propose a carbon-coupled network pricing method to guide 
prosumers in conducting grid-friendly and low-carbon trading that 
respects network operational constraints. 

This paper introduces a bi-level interactive optimization 
method guided by carbon-coupled network charges between the 
DSO and prosumers, aiming to accurately steer prosumer trading 
to achieve safe and low-carbon operation of the distribution net-
work. The main contributions of this paper are as follows: 

(1) A bi-level interactive framework is proposed, integrating the 
economic aspects of energy trading with the operational require-
ments for low-carbon and secure distribution network manage-
ment. This framework includes a carbon-emission responsibility 
settlement method that accounts for the impact of P2P trading, 
enabling an accurate allocation of carbon responsibilities within 
the bi-level model. 

(2) The introduction of the carbon-coupled network charges 
captures the influence of P2P coupled trading on network security 
and emission reduction. These charges reflect the associated car-
bon costs and network risks, effectively guiding prosumers toward 
low-carbon trading while adhering to the security constraints of 
the distribution network. 

(3) A decentralized trading priority method for P2P trading is 
presented, which uses economic incentives at the prosumer level 
to facilitate the trade of electricity and CER. This method not only 
aligns with the trading preferences of prosumers but also reduces 
energy costs for both parties involved. To address the complexity 
of the P2P coupled market trading model, an alternating direction 
method of multipliers (ADMM) with an adaptive penalty factor is 
utilized to expedite the solution process. Furthermore, a limited 
information-sharing approach is employed between prosumers 
and the DSO to solve their respective optimization problems, with 
an iterative calculation process converging toward a stable optimal 
solution. An improved bisection method is also utilized to ensure 
the convergence of the DSO–prosumers bi-level interactive 
problem. 

The rest of this paper is organized as follows. The proposed bi-
level interactive framework is introduced in Section 2. Section 3 
establishes the utility function for prosumers participating in the 
P2P coupled market. Section 4 develops the DSO optimization 
model and illustrates the carbon-coupled network charges model. 
Section 5 presents the solution algorithm for the bi-level model. 
Section 6 provides a case study. Finally, Section 7 concludes the 
paper. 

2. Market framework 

To achieve optimal P2P electricity and carbon trading among 
prosumers, we have designed a DSO–prosumers bi-level interac-
tive framework. This framework integrates electricity–carbon cou-
pled market trading with the operation of distribution networks,
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thereby simultaneously enhancing the benefits of market partici-
pants and ensuring the low-carbon and secure operation of the 
system. In the electricity–carbon coupled P2P trading market, pro-
sumers with RES can engage in energy and CER trading through the 
electricity and carbon market. Prosumers autonomously determine 
the quantity of energy and CER to trade, offsetting their own car-
bon emissions while maximizing their profits. Incorporating the 
CER market into the energy system can significantly alter pro-
sumers’ energy trading and power-generation patterns through 
carbon pricing that is proportional to their carbon content. In this 
context, trading among prosumers is conducive to decarbonizing 
the current energy system. 

At the upper level, the DSO operates the network based on pro-
sumer trading results, ensuring network security based on the OPF 
model and deriving operational network charges from the DLMP. 
Concurrently, the CEF model is utilized to track carbon emissions 
post-P2P trading, obtaining the carbon distribution and calculating 
carbon-coupled network charges. The DSO guides P2P trading 
between prosumers through price signals rather than direct con-
trol, safeguarding prosumers’ autonomy and privacy. Additionally, 
updated network charges will adjust P2P trading scenarios in the 
subsequent iteration. 

In the lower level of the energy and CER trading market, pro-
sumers engage in P2P trading for energy and CER. The DSO can 
indirectly guide their trading behavior by conveying carbon-
coupled network charges information to prosumers, effectively 
steering low-carbon trading without violating distribution net-
work security constraints. Market-clearing algorithms then com-
plete the clearing of the P2P coupled market, conveying trading 
outcomes to the DSO for secure distribution network scheduling. 
The bi-level interactive model is depicted in Fig. 1. 
Fig. 1. The bi-level in
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It is important to note that the prosumers’ energy trading char-
acteristics are predefined, allowing them to acquire additional 
power through the electricity market to address energy deficits. 
However, the carbon trading attribute of a prosumer is determined 
dynamically by the prosumer’s P2P energy trading. This implies 
that prosumers, who may initially lack CER, can acquire them by 
purchasing from other prosumers in the market. The bi-level 
model operates in an iterative, interactive manner, continually 
adjusting until equilibrium is reached in the P2P market’s trading 
outcomes. 

3. The electricity–carbon coupled market 

In the coupled market, recognizing the disparities among pro-
sumers, such as geographical location, distribution of flexible 
resources, and user types, we categorize them into two distinct 
categories. The first category consists of prosumers who actively 
embrace low-carbon policy changes, referred to as ‘‘novel” pro-
sumers. Conversely, the second category encompasses ‘‘tradi-
tional” prosumers with substantial carbon emissions from their 
fossil-fuel-based systems. Prosumers of both types have distinct 
advantages and disadvantages. To increase their profits, prosumers 
need to determine the optimal trading strategy within the coupled 
market that best aligns with their operations. 

3.1. Internal model for prosumers 

3.1.1. Gas turbines (GTs) 
The cost of electricity generation from a GT is typically modeled 

as a quadratic function [25] and can be mathematically repre-
sented as follows:
teractive model. 

move_f0005
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where is the power-generation cost of the GT; and repre-

sent the cost factor of the generator set, respectively; is GT out-
put power of prosumer n, and t is the index of operation/trading 
interval. 

3.1.2. Photovoltaics (PV) 
PV technology harnesses solar energy through the photoelectric 

effect of solar panels, converting sunlight into electricity. The 
power output is directly proportional to the intensity of solar radi-
ation. The power model of PVs is as follows: 

Iac In STC 
Fn t 

Fn STC 
1 a Tac T0 2 

Vac Vn STC ln e b Fn t Fn STC 1 f Tac T0 3 

PPV 
n t Nm Iac Vac 4 

where and are the reference temperature and the operating 
temperature of the PV array, respectively; Iac and Vac are the output 
current and voltage of the PV, respectively; In,STC and Vn,STC are the 
rated output current and voltage of the PV, respectively; Fn,t and 
Fn,STC are the actual solar irradiance and the standard solar irradi-
ance, respectively; is the number of PV panels; a, b, and are 
the compensation factor sets, respectively; and is PV output 
power of prosumer n. 

3.1.3. Energy storage (ES) 
ES can generate profit by making it possible to strategically pur-

chase low-cost electricity and selling it at a higher price. However, 
excessive charging and discharging can negatively impact a bat-
tery’s lifespan. Consequently, a cost model for the ES charging 
and discharging activities is formulated as follows: 
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The charge–discharge constraints of ES are as follows: 
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where is charging and discharging costs of ES; is operation 

cost coefficient of ES; and are ES charge and discharge 

power of prosumer n, respectively; is ES charging states; 

and are maximum amount of charge and discharge 

for ES, respectively; is SOC status of ES; and and 

are minimum andmaximum SOC status of ES, respectively. 

3.1.4. Electric vehicles (EVs) 
In the rapidly advancing landscape of EVs, a growing number of 

residential prosumers possess EVs. The operation and scheduling 
of these EVs have a corresponding impact on the transactional 
strategies of the prosumers. The charging and discharging process 
of EVs is modeled through Monte Carlo simulations, as reported in 
Ref. [26]. The dispatch cost associated with EVs can be mathemati-
cally expressed as follows: 
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where is charging and discharging costs of EV; and 
represent the battery purchase cost, available number of cycles, 
capacity, and available discharge limit of the EV, respectively; v is 
the index of EV; represents the number of EVs available to be dis-

patched; and are discharge and charge power of the vth 
EV, respectively; is the power consumption per unit distance of 
the EV; and is the distance traveled at time t . 

3.1.5. Flexible loads (FLs) 
FLs exhibit dynamic adaptability, making them capable of 

adjusting both the magnitude of electricity consumption and the 
duration of usage. Existing studies commonly employ the elasticity 
coefficient e to quantify the responsiveness of these loads to fluctu-
ations in electricity prices. 

PFL 
n t PFL 

n t 0 

pt DR 

pt 

e 

10 

where and are FL demand of prosumer n and FL demand 
before the response, respectively; and are electricity prices 
before and after the response at time period t, respectively. 

The cost of FL scheduling is as follows: 

CFL 
n t f FL n P

FL 
n t 11 

where is scheduling costs of FL and is scheduling cost coef-
ficient of FL. 

The revenue from the load consumption of prosumers can be 
represented as follows [27]: 

CL 
n t kn ln 1 PL 

n t 12 

where represents the benefit of the prosumer to consume elec-

tricity for production; is widely used in economics to 
characterize the decision-making preference process of the pro-
sumer; and represents the decision coefficient of prosumer n. 

3.2. The utility function for prosumers participating in P2P trading 

The P2P trading market enables prosumers to directly trade 
electricity and CER without the involvement of a DSO. Prosumers 
can autonomously control flexible distributed resources, partici-
pate in the electricity–carbon coupled market, and dynamically 
balance energy revenues with carbon-emission costs. The utility 
function for prosumer n participating in the P2P trading market 
is represented as follows: 

minCPR 
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s.t. Eqs. (6)–(8) 
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where is the total cost of prosumer n at time t; is the electric-

ity generation cost of prosumer n; is carbon-coupled network 

charges for trade nm; and are the electricity and CER traded 

revenue, respectively; is maximum output power of GT; is 

the power-generation cost of the PV; is the cost factor of PV; 

and are maximum output power and maximum curtail-

ment rate of PV, respectively; and are EV charge and dis-

charge power of prosumer n, respectively; is EV charging states; 

and are maximum amount of charge and discharge 

for EV; respectively; and are minimum and max-

imum SOC status of EV, respectively; is SOC status of EV; 

and are the minimum and maximum power demands of FL, 

respectively; and initial  demand  and  final  demand  of  FL,

respectively; and are the trading electricity and trading 
CER from prosumer n to prosumer m, respectively; T is the total num-
ber of trading periods; is main-grid exchange power of prosumer 

n ; is the set of prosumers trading with prosumer n; is initial 

CER of the prosumer n. The first term in the utility function (Eq. 
(13)) is the cost of guaranteed trading with the DSO at the time-of-
use (TOU) price for buyers and the feed-in-tariff (FiT) price for sellers. 
Eqs. (6)–(8) and (15)–(21) denote the output power constraint of the 
prosumer’s internal equipment, Eq. (22) denotes the electrical power 
balance constraint, and Eq. (23) denotes the carbon quota balance 
constraint. This paper employs a cap-and-trade market for CER trad-
ing, leveraging market competition to reflect the scarcity of CER. 
Within the carbon market, prosumers are required to hold a suffi-
cient number of CER to take responsibility for their carbon emissions. 
The left-hand side of Eq. (23) represents the CER held by prosumer n, 
which is equal to the initial CER minus the CER traded in the market. 
The right-hand side of Eq. (23) represents the total carbon emis-
sions generated by the prosumer. 
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4. The carbon-coupled network charges model for DSO 

In this section, we introduce a carbon-coupled network charges 
model based on the operational conditions of the network. This 
model encompasses two main components: network operation 
charges and carbon charges. The DSO can indirectly influence pro-
sumer trading through the implementation of carbon-coupled net-
work charges. 
4.1. The DSO optimization model 

The DSO employs the AC-OPF [28] methodology for energy 
scheduling within the distribution grid, with the primary objective 
being to minimize the DSO’s overall operational expenditure. This 
model is designed to derive network charges that are determined 
41
by both power flow and carbon emission flow. The specific DSO 
model is as follows: 
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where is total operation cost; is active power losses of 

branch l; i and j are indexes of node; is the TOU price; rl,  xl, 
Bi, and Gi are circuit parameters of the distribution network, respec-
tively; and are active power and reactive power of branch l, 
respectively; and are active power and reactive power of 

node i, respectively; and are main-grid exchange active 

power and reactive power, respectively; and are equivalent 
injected active power and reactive power, respectively; and 
are voltage magnitude of nodes i and j, respectively; is current of 

branch l; is main-grid exchange power of node i; and 
are minimum and maximum limits of exchange power, respec-
tively; is apparent power of branch l; is conversion coefficient; 

and are minimum and maximum limits of node voltage, 
respectively; is upper current limit of line; is the set of 

branches; and are the set of branches with inflow power 
and outflow power to node i; N is the set of prosumers; Ni is the 
set of ordinary load nodes; is the load power; is final CER 
of the prosumer n; Eqs. (25) and (26) represent the node active 
and reactive power balance constraints; Eq. (27) represents the dis-
tribution network voltage drop; Eq. (28) represents the second-
order cone programming relaxation constraint of the AC power flow 
equation; Eqs. (29) and (30) represent the line power flow con-
straint; Eq. (31) represents the substation power generation con-
straint; and the node reactive power, node voltage, and line 
current constraints are shown in Eqs. (32) and (33), respectively. 
The carbon-emission constraints are shown in Eq. (34). 

4.2. Carbon-emission responsibility settlement method 

Carbon intensity is a pivotal metric in the CEF model, signifying 
the amount of carbon emissions embodied in a unit of energy flow.
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For each node within an energy network, the node carbon intensity 
(NCI) denotes the average carbon emissions associated with the 
injected energy flow over a specified period [29]. Consequently, 
the NCI can be calculated as follows: 
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where represents the carbon emissions per unit of power gen-
erated by the GT, which is intrinsically linked to the thermal unit’s 
operational conditions; is the NCI of node n; represents the 

carbon emissions for each unit of electricity produced by RES; 

and are the output of electricity for GT and RES generators, 

respectively is defined as the carbon emissions per unit energy 
flow of branch l at time t. 
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Prosumers’ carbon emissions are quantified by the emissions 
intrinsic to their self-generated power and the carbon emissions 
associated with the electricity trades, as presented in Eqs. (37)– 
(39). 
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where represents the average carbon intensity of prosumer n; 

represents power flowing through branch l due to trading nm; 
represents the carbon emissions corresponding to the trading nm 
of electricity; and represents the equivalent carbon emissions 

of the line transmission losses and are utilized to calculate 
the correction of carbon emissions resulting from the trading nm of 
electrical energy. This approach allows for a more accurate account-
ing of the carbon footprint associated with energy trades. The total 
carbon emissions of prosumer n can be represented as follows: 
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where is the carbon emissions associated with self-generated 
power; and are subsets of seller prosumers and buyer pro-
sumers, respectively. 

4.3. Carbon-coupled network charges 

To facilitate the operation of the electricity–carbon coupled 
market in an environmentally sustainable and power-grid-
compatible manner, we have designed carbon-coupled network 
charges to guide prosumers in conducting low-carbon and grid-
friendly trading. To encourage grid-friendly trading, the carbon-
coupled network charges must identify the impact of prosumer 
trading on the secure operation of the power network. Since the 
DLMP can reflect the operational status of the network to a certain 
extent [24], deriving network charges through the DLMP is benefi-
cial for guiding prosumers toward grid-friendly trading. The DLMP 
is calculated from the power flow calculations and impedance 
parameters, which are extracted from the operational data of the 
distribution system. 
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where A1–A5 are the price coefficients; and are dual 
variables of constraints; is DLMP at node i. 

In the context of electricity trading occurring between disparate 
nodes within the power system, the DLMP serves as an effective 
tool for estimating the operational network charges. The corre-
sponding mathematical formulation for this computation is 
detailed as follows: 

pO 
nm t 

ps n t pb m t 

2 
42 

where is the operational network charge; is DLMP of pro-
sumer n; is DLMP of prosumer m. 

To incentivize prosumers to engage in local trades, this study 
employs the Thevenin equivalent representation to gauge the elec-
trical distance between participating nodes. The network invest-
ment charge can be calculated utilizing the equation 
provided in Eq. (43). 

pI 
nm t pdis ZTh 
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where is distance unit cost; is the Thevenin electrical 
distance. 

Thus, the network charges associated with network operations 
can be determined as follows: 

CT 
nm t pO 

nm t pI 
nm t PT 

nm t 44 

where is network charges associated with network operations. 
Accurately calculating the carbon-emission costs during pro-

sumer trading is crucial for promoting low-carbon trading. Based 
on the aforementioned carbon footprint tracking methods, quanti-
fying carbon-emission costs can economically steer prosumers’ 
trading. A carbon-pricing mechanism can be employed to calculate 
the carbon-emission costs for prosumers, with severe economic 
penalties being imposed for excess carbon emissions. 

Currently, carbon-pricing mechanisms in the carbon market 
predominantly consist of two approaches: the conventional fixed 
price and tiered pricing. However, the static fixed price fails to 
cater to low-emission generators and inadequately penalizes high 
emitters, thereby disincentivizing low-carbon transitions [30]. 
When their emissions exceed their allotted rights, prosumers must 
purchase additional allowances from the market, incurring sub-
stantial penalties. Conversely, when their emissions fall below 
their allotment, prosumers can exploit the market to sell surplus 
allowances, reaping benefits that are directly proportional to the 
excess and the price differential. The greater the reduction in emis-
sions, the more allowances they can sell, thereby enhancing their 
economic benefits. Therefore, employing a tiered pricing approach 
to derive network charges can effectively incentivize prosumers to 
decarbonize. 
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where is the net carbon emissions; is network charges asso-
ciated with carbon-emission ; cCE,1–cCE,4 are the unit cost of stepped 
carbon emissions; and d1–d4 are the boundary of the carbon-
emission price range.
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Consequently, by taking into account the specific carbon emis-
sions of the aforementioned prosumers and the corresponding 
carbon-pricing mechanisms, the carbon-coupled network charges 
can be derived: 
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where is canbon-related network charges for trade nm; 
is excess carbon emissions of prosumer n. 

5. Algorithm solving 

5.1. A clearing method for the P2P coupled market 

In this paper, the ADMM is deployed to address the complex 
task of clearing P2P trading in the coupled market. The ADMM 
ingeniously decomposes the original global challenge into a series 
of smaller, more manageable local sub-problems, which can then 
be effectively solved in parallel. By coordinating these sub-
problems, the algorithm strives to achieve the optimal solution 
for the market [31]. Its methodology involves treating unoptimized 
variables as constants during the iterative process and utilizing the 
results from the previous iteration until the desired level of accu-
racy is attained. 

Based on the ADMM algorithm, the joint trading mechanism in 
this paper can be modified to 

min FPR 
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t T 
CPR 
n t 
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where is the total cost for prosumer n. 

is the decision-making variable 

for prosumer n, where and are the electricity and CER 

traded of prosumer n, respectively; is the electricity generation 
of prosumer n. 

Set up introduce the auxil-

iary variables where 
and are trading variables and auxiliary variables, respectively; 

and are the electricity and CER trading variables; and 

are the electricity and CER auxiliary variables; and are 
the trading electricity and trading CER from prosumer m to pro-
sumer n, respectively. Then: 
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The augmented Lagrange function of the given problem is as 
follows: 
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where and are consensus constraints, which are also 
defined as P2P prices for trading energy and CER, respectively; k 
is the number of iterations; is the indicator function, where 

when the variable satisfies the feasible domain and 
when the feasible domain is not satisfied; and are 

the penalty factors. 
Therefore, the original problem is broken down into 
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where and are trading power and trading CER from 

prosumer n to prosumer m in the (k + 1)th iteration; and 

are trading power and trading CER from prosumer m to pro-

sumer n in the (k + 1)th iteration; and are primal resid-

uals; and are dual residuals. 
Given that the objective function of the P2P coupled trading 

market exhibits strict convexity and closedness, the ADMM algo-
rithm’s efficacy and convergence are inherently assured [32]. The 
algorithm’s convergence is governed by a well-defined conver-
gence criterion, which can be mathematically expressed as 
follows: 
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where and are convergence thresholds. 
In the ADMM, convergence is achievable with any fixed penalty 

factor; however, the rate of convergence is significantly influenced 
by this factor. An imprecise selection of the penalty factor q may 
necessitate a higher number of iterations for convergence [33]. 
Based on the algorithm’s inherent principles, the following obser-
vations can be drawn: As q increases, the primal residual dimin-
ishes, concurrently causing an increase in the dual residual. 
Conversely, when q is reduced, the primal residual escalates, while 
the dual residual decreases. Eq. (53) reveals that both residuals 
must be very small at the point of convergence. To address this, 
a residual coefficient s is introduced to dynamically update penalty 
factors, striking a balance between the primal and dual residuals 
and thereby increasing the convergence speed. 
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where and are proportionality coefficients; and are resid-
ual coefficients. 

5.2. Bi-level model solution algorithm 

In iteratively solving the bi-level model of the DSO and P2P 
market, the question of how to ensure the convergence of the bi-
level interaction is a difficult point. Therefore, this paper proposes 
an improved bisection method to solve the bi-level interaction
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convergence problem based on Ref. [34]; the specific process is 
shown in Algorithm 1. 

Algorithm 1. The improved bisection iterative method. 
1 
Initialization: The number of iterations is z, the trading 

energy of prosumer n is and the initial operation 

interval is 

PT z 1 
n t , 

Pmin 
n t Pmax 

n t
2 
While not converged do 

3
 Let z = z +  1  Pavg 

n t Pmin 
n t Pmax 

n t 2, 

4
 Solve the prosumer model with the constrain ts

and the trading energy is 
obtained based on the optimization of network charges in 
the last iteration 

Pmin 
n t Pavg 

n t Pmax 
n t , PT z 

n t 
5
 Utilize the optimization of DSO and CEF models to 
calculate carbon-coupled network charges. Verify trading 
results compliance with network constraints 
6
 if meets network constraints and satisfies convergence 
criterion 
7
 Terminate the iteration 

8
 else if then PT z 

n t Pavg 
n t 
9
 Update the upper bound of the interval 
Pmax 
n t Pmax 

n t Pavg 
n t 2 
10
 else if then PT z 
n t Pavg 

n t 
11
 Update the lower bound of the interval 

Pmin 
n t Pmin 

n t Pavg 
n t 2 
12
 end if 

13 
End while 
Fig. 2. Flowchart of the bi-level interactive optimization method. 
The core principle of the improved bisection lies in its iterative 
refinement of the energy trading interval, ensuring that it continu-
ally encircles the optimal solution by adjusting the lower or upper 
bounds in each iteration. This approach guarantees convergence 
within a finite number of iterations. 

The proposed bi-level interactive optimization method employ-
ing the improved bisection method is outlined as follows: At the 
upper level, operators perform security assessments based on the 
outcomes of P2P market trading. If the convergence criteria are sat-
isfied, the trading results are outputted; otherwise, carbon-coupled 
network charges are calculated to guide trading in the electricity– 
carbon coupled market. At the lower level, prosumers adjust their 
trading strategies based on the network charges and submit stable 
trading results to DSOs for validation. The bi-level model continues 
to interact and iterate, with the improved bisection method ensur-
ing the convergence of the iterative process. The specific imple-
mentation process is illustrated in Fig. 2. 
6. Case study 

6.1. Case description 

In this paper, a modified Institute of Electrical and Electronics 
Engineers (IEEE) 33-bus system is employed to validate the pro-
posed model and algorithm, as shown in Fig. 3. The system, which 
includes 33 buses, features a mix of prosumer and conventional 
consumer buses. The prosumers are equipped with various dis-
tributed resources, including GTs, PVs, ES, and FLs.

The main input data for the day-ahead market is shown in 
Fig. 4, including the 24 h typical load and distributed power 
generation.
44
Four cases are employed to evaluate the economic and low-
carbon performance of the DSO–prosumers bi-level interactive 
framework, as well as the efficacy of the proposed algorithm. 

Case 1: No P2P trading. 
Case 2: Only P2P electricity trading, no carbon market partici-

pation is considered. 
Case 3: Electricity–carbon coupled P2P trading market without 

considering carbon-coupled network charges. 
Case 4: Electricity–carbon coupled P2P trading market, 

considering carbon-coupled network charges. 

6.2. Trading results of the electricity–carbon coupled P2P trading 
market 

The prosumers participating in the proposed P2P coupled mar-
ket act in self-interest, making autonomous decisions regarding 
the trading price and quantity of electricity based on considera-
tions of energy trading and carbon emissions. The remaining unal-
located electricity is centrally dispatched by the DSO, with the DSO 
determining the electricity prices. Fig. 5 presents the trading prices 
of prosumers across a 24 h period, where the blue portion of the 
figure delineates the specific range of prosumer trading prices. It 
is observed that all trading prices fall between the FiT and the 
TOU electricity price. This indicates that, in the energy trading 
market, sellers can offer energy at prices above the FiT at which
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Fig. 3. The IEEE 33-bus system.

Fig. 4. Forecast profiles of the typical load and distributed power generation over 24 h. (a) Load demand; (b) distributed generation.

Fig. 5. Hourly P2P energy trading prices in the energy trading market. 
the DSO purchases energy, while buyers can secure energy at 
prices lower than the DSO’s TOU price. 

Furthermore, to better demonstrate the P2P market’s potential 
to enhance prosumers’ economic benefits, we compare the total 
prosumer revenues in Cases 1 and 4, as shown in Fig. 6. It becomes 
evident that, when prosumers exclude P2P energy trading, their 
45
earnings are limited to interactions with DSOs, resulting in signif-
icantly reduced profits. By engaging in electricity market trading, 
prosumers can capitalize on higher selling prices and lower buying 
costs, thereby enhancing their financial gains. The surge in the pro-
sumers’ electricity purchase cost between 17:00 and 21:00 stems 
from the higher electricity demand exceeding the generated supply 
during this period, which drives up energy prices. Prosumers can 
enhance their profits by negotiating trading through the energy 
market. Although prosumers incur certain carbon-emission costs 
when considering carbon trading, their total revenue remains 
higher than if they did not participate. This is because the propor-
tion of carbon-emission costs is relatively small compared with the 
increased revenue from electricity trading.

Fig. 7 illustrates the trading energy and corresponding average 
trading prices in the P2P trading market. As observed in Fig. 7, 
within the same price range, the higher the trading volume 
between prosumers, the lower the average trading price. This phe-
nomenon occurs because the net power output of prosumers is 
positive, indicating a supply surplus. Consequently, buying pro-
sumers, guided by economic costs, opt to purchase electricity from 
sellers offering lower prices, as demonstrated during the 9:00– 
11:00 AM period. The significant trading volume at 21:00 is attrib-
uted to the reduction in PV generation, leading to a decrease in 
energy supply within the market. As a result, the majority of pro-
sumers purchase energy from high-carbon prosumers to compen-
sate for their energy shortfall.
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Fig. 6. A comparison of prosumer benefit results over 24 h in Cases 1 and 4. Fig. 8. Comparison of market carbon emissions in Cases 2 and 4. 

Fig. 9. Comparison of prosumer trading results in Cases 2 and 4. 
6.3. The impact of the bi-level interactive model on carbon emissions 

Comparing Cases 2 and 4 reveals that, when just the electric 
energy trading among prosumers are taken into account, the over-
all carbon emissions and the count of high-carbon-emitting pro-
sumers participating in the trade surpass those in the coupled 
trading scenario, as shown in Fig. 8. This is due to the fact that, 
when energy trading is the primary focus, prosumers with a higher 
proportion of fuel-based units experience lower production costs 
compared with those with a lower proportion. In the context of 
the P2P coupled market, prosumers must consider not only the 
implications of energy trading but also the carbon-emission costs. 
Consequently, the competitiveness of prosumers with abundant 
RES is enhanced in this coupled market, leading to a reduction in 
total carbon emissions. 

Fig. 9 presents the prosumer trading for Cases 2 and 4. In the 
P2P coupled market, the electric energy trading volume of high-
carbon prosumers witnesses a decline or even a withdrawal from 
the market. Simultaneously, the market participation priority of 
low-carbon prosumers increases, resulting in a corresponding rise 
in energy trading volume. This presents the effectiveness of the
Fig. 7. Trading activity of prosumers over 24 h. 

46
electricity–carbon coupled P2P trading market in carbon-
emission reduction. 

6.4. The impact of carbon-coupled network charges on network 
operations 

To illustrate the network charge’s influence on the P2P trading 
network’s friendliness in the electricity–carbon coupled market, we 
compare the distribution line loads and node voltages between Cases 
3 and 4, as depicted in Fig. 10. As evident from the figure, the line load 
in Case 4, which accounts for network charges, significantly drops 
compared with that in Case 3, where such charges are disregarded. 
The network charges can reflect the operational expenses of the 
power grid, and prosumers are required to cover the usage costs asso-
ciated with P2P trading, including congestion fees. This incentivizes 
prosumers to adhere to network constraints, thereby minimizing 
the likelihood of congestion and keeping the node voltages within a 
narrower range, which ensures grid stability. Consequently, network 
charges play an important role in mitigating congestion risks and 
maintaining the secure operation of the system.

6.5. The impact of RES penetration on the bi-level interactive model 

In order to explore the impact of RES penetration on the bi-level 
interactive model, the problems that may be faced in the process of 
the decarbonization of distribution networks are discussed. This
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Fig. 10. (a) Distribution line loading and (b) nodal voltage magnitudes under Cases 3 and 4. p.u.: per unit.
discussion reflects the fact that the trading volume, trading price of 
electric energy, and carbon-emission trading price are affected by 
the penetration rate of RES. 

As depicted in Fig. 11, a rise in RES penetration from 70% to 
160% leads to an approximate 12% increase in electricity trading 
prices among prosumers, while carbon-emission prices undergo 
a corresponding decrease of around 15%. In a market dominated 
by fossil fuel power plants, the scarcity of CER intensifies compe-
tition among prosumers, driving up CER prices. Prosumers must 
compete more intensely for the limited CER in the market to 
reduce their carbon-emission costs, thereby driving up the price 
of CER. At the same time, power-producing prosumers may 
lower their electricity selling prices to sell energy at a lower 
cost, effectively transferring carbon emissions to the electricity 
buyers in the form of a flow, in order to reduce their own carbon 
Fig. 11. P2P trading energy, energy trading price, and CER trading price for different 
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emissions during settlement. With the energy transition and the 
increasing penetration of renewable energy, the market’s CER 
increase, the cost of producing electricity for prosumers rises, 
the selling price of electricity increases, and the price of CER 
decreases. 

As the penetration rate of RES increases, the influence of the 
carbon market on the electricity market diminishes. Prosumers 
may find it more cost-effective to purchase a small proportion of 
energy generated from fossil fuels and balance their energy supply 
through their own dispatch, leading to a slight decrease in energy 
trading volume. To avoid incurring additional carbon-emission 
costs, prosumers are inclined to produce or purchase renewable 
energy. Therefore, the proposed electricity–carbon coupled P2P 
trading market can facilitate the energy transition in the distribu-
tion network.
RES penetration levels. (a) P2P trading energy; (b) energy and CER trading price. 
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7. Conclusions 

This paper proposes a carbon-coupled network charge-guided 
bi-level interactive optimization method between the DSO and 
prosumers. To enforce safe and low-carbon operation in distribu-
tion networks, the framework incorporates a carbon-coupled net-
work charges mechanism that adjusts trading among prosumers. 
The adaptive ADMM algorithm facilitates market clearing, while 
the improved bisection method ensures convergence in the bi-
level interaction, enabling prosumers to interact effectively while 
preserving their privacy and minimizing computational demands. 

This case study validates the efficacy of the proposed bi-level 
interactive model. First, the model achieves optimal electricity– 
carbon P2P trading surpassing traditional market schemes in both 
economic benefits and carbon-emission reduction. Second, the 
introduced carbon-emission responsibility settlement method 
quantifies the carbon emissions of different nodes, ensuring the 
accurate apportionment of carbon emissions. Third, the carbon-
coupled network charges proposed by the model effectively guides 
prosumers to adjust their trading strategies, facilitating energy 
trading that is proximity-based, network-friendly, and low-
carbon oriented, while maintaining line loadings and node voltages 
within safe operational limits. Notably, the incentive effect of the 
carbon-coupled network charges becomes more pronounced with 
a decrease in the penetration rate of RES. 

It is important to note that the uncertainties associated with 
renewable energy generation and load demand may lead to fluctu-
ations in the trading behavior of prosumers, potentially resulting in 
economic losses, which would be considered and integrated in the 
future risk-averse P2P trading strategies studies. 
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