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A B S T R A C T

As global power systems modernize towards intelligent infrastructures, peer-to-peer (P2P) energy trading
is increasingly adopted worldwide as an innovative electricity market mechanism. This paper explores the
decision-making behaviors of diverse agents, market mechanisms, and privacy protections in fully decentralized
P2P electricity and carbon emission trading (CET), accounting for uncertainties from renewable energy sources.
A novel P2P energy trading mechanism is proposed based on asymmetric Nash bargaining theory. The P2P
electricity and carbon market models are decomposed into a cooperative alliance operation problem and an
asymmetric cost distribution problem. Additionally, a contribution factor calculation method is introduced,
considering both P2P electricity trading and CET marginal effect contribution. To manage renewable energy
output uncertainties, a distributionally robust model using Kullback–Leibler (KL) divergence is reformulated
as a chance-constrained problem. A proximal atomic coordination (PAC) algorithm is implemented to enhance
privacy protection within a fully decentralized framework. Case studies demonstrate that P2P energy trading
can reduce total costs by 10.29% and carbon quotas by 11.86% for cooperative alliances. Furthermore, the
PAC algorithm decreases total computational time by 12.65% compared to the ADMM algorithm, highlighting
its effectiveness in improving computational efficiency and safeguarding user privacy.
1. Introduction

1.1. Background and motivation

As global efforts to modernize and smartify power grids intensify,
many countries are adopting peer-to-peer (P2P) energy trading as a
key innovation in electricity markets [1]. Traditionally, electricity has
been considered a homogeneous commodity, with consumers paying
a standardized price regardless of its source. However, P2P trading
empowers consumers with greater autonomy and flexibility, promoting
local energy production and trading while reducing reliance on cen-
tralized grids [2]. It also enhances price transparency and fairness [3].
Moreover, P2P energy trading, which involves high-frequency informa-
tion exchanges among a diverse set of decentralized agents, increases
user participation and decision-making power, but also introduces new
challenges.

The large-scale volume of transactions in P2P energy trading im-
poses higher demands on computational efficiency [4]. To meet the
demands of extensive trading, developing optimization algorithms with
low computational complexity becomes crucial. In the context of the
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coupling between carbon emissions and electricity, the distribution of
benefits among different participants becomes increasingly complex.
This not only requires the design of efficient trading mechanisms to
incentivize bilateral transactions, but also necessitates the fair alloca-
tion of benefits from both carbon and energy trading, while carefully
considering agent behaviors.

The diverse trading attributes in P2P energy trading, including
large volumes of sensitive information such as agents’ energy demand,
supply capacity, and transaction prices, inevitably raise concerns re-
garding the exposure of private agent data. As a result, ensuring privacy
protection without compromising transaction efficiency and flexibility
has become a critical research challenge in the field of P2P energy
trading [5]. Furthermore, P2P energy trading facilitates the integra-
tion of renewable energy by enabling flexible trading mechanisms.
However, as the penetration of renewable energy increases, its output,
which is heavily influenced by weather conditions, exhibits signifi-
cant uncertainty and intermittency, thereby complicating modeling and
increasing computational burdens.
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Nomenclature

Indices

(𝑖, 𝑗) Indices of beginning/ending buses of one
branch

[𝑗] Variable for Local 𝑗th atomic copies
ℎ, 𝑖, 𝑗 Indices of buses in the distribution system
𝑛 Indices of scenarios
𝑡 Indices of time points
Sets

𝐵 Set of all branches in the distribution
system

𝐼 Set of terminal buses which directly con-
nect with the agents in the distribution
system and 𝐼 = {1,… , |𝐼|}

𝐾 Set of all downstream buses and up-
stream buses which connect with the same
beginning bus 𝑗

𝑁 Set of scenarios and 𝑁 = {1,… , |𝑁|}
𝑇 Set of time points and 𝑇 = {1,… , |𝑇 |}

Variables

𝜆p2p𝑗 ℎ,𝑡 P2P electricity trading price between
agents 𝑗 and ℎ at time 𝑡

𝜇p2p𝑗 ℎ P2P carbon quota trading price between
agents 𝑗 and ℎ

𝜇𝑗 Lagrange multipliers with local constraints
for agent 𝑗

𝜈𝑗 Lagrange multipliers with coordinated con-
straints for agent 𝑗

𝜔𝑗 Comprehensive contribution factor for
agent 𝑗

𝜔𝑃𝑗 Electricity contribution factor for agent 𝑗
𝜔𝑅𝑗 Carbon contribution factor for agent 𝑗
𝐴𝑗 Operational cost for agent 𝑗
𝑎𝑗 Atomization variables of agent 𝑗
𝐵𝑗 P2P trading cost for agent 𝑗
𝐶p2p
𝑗 P2P electricity trading cost for agent 𝑗

𝐶ESS
𝑗 ESS battery degradation cost for agent 𝑗

𝐶DR
𝑗 DR compensation cost for agent 𝑗

𝐶MT
𝑗 MT electricity generation cost for agent 𝑗

𝐶utility
𝑗 Transaction cost with utilities for agent 𝑗

𝐷𝑗 Total cost for agent 𝑗
𝐷0
𝑗 Cost without participating in P2P energy

trading for agent 𝑗
𝐸p2p
𝑗 P2P carbon quota trading cost for agent 𝑗

𝐸cet
𝑗 Carbon market trading cost for agent 𝑗

𝐼𝑖𝑗 ,𝑡 Current for distribution branch (𝑖, 𝑗) at time
𝑡

𝑙𝑖𝑗 ,𝑡 Squared current for distribution branch
(𝑖, 𝑗) at time 𝑡

To address these challenges, P2P energy trading should balance
arket mechanism design, privacy protection, and uncertainty mod-

ling. Game-theoretic approaches to market design ensure fair ben-
fits for all participants, while distributed algorithms provide pri-
acy protection and enhance computational efficiency to accommodate

the high frequency and volume of P2P transactions. Additionally,
2 
𝑃𝑖𝑗 ,𝑡 Active power flowing of the branch (𝑖, 𝑗) at
time 𝑡

𝑃𝑗 ,𝑡 Active power at bus 𝑗 at time 𝑡
𝑃 ESS
𝑗 ,𝑡 Net power from ESS of agent 𝑗 at time 𝑡
𝑃 ch
𝑗 ,𝑡 Charge power from ESS of agent 𝑗 at time 𝑡
𝑃 dch
𝑗 ,𝑡 Discharge power from ESS of agent 𝑗 at

time 𝑡
𝑃DR,dn
𝑗 ,𝑡 Downward DR power for agent 𝑗 at time 𝑡
𝑃DR,up
𝑗 ,𝑡 Upward DR power for agent 𝑗 at time 𝑡
𝑃DR
𝑗 ,𝑡 Net DR power of agent 𝑗 at time 𝑡
𝑃 ut ilit y
𝑗 ,𝑡 Active Power traded with the utility by

agent 𝑗 at time 𝑡
𝑃 d
𝑗 ,𝑡 Demand power of agent 𝑗 at time 𝑡
𝑃MT
𝑗 ,𝑡 Active power output from MT of agent𝑗 at

time 𝑡
𝑃 PV,f cst
𝑗 ,𝑡 Forecasted power output from PV of agent

𝑗 at time 𝑡
𝑃 PV
𝑗 ,𝑡 Power output from PV of agent 𝑗 at time 𝑡
𝑃WT,fcst
𝑗 ,𝑡 Forecasted power output from WT of agent

𝑗 at time 𝑡
𝑃WT
𝑗 ,𝑡 Power output from WT of agent 𝑗 at time 𝑡
𝑃 p2p
𝑗 ℎ,𝑡 P2P active power transaction between

agents 𝑗 and ℎ at time 𝑡
𝑃 rec
𝑗 Total Active power received by agent 𝑗

during an operational cycle
𝑃 sup
𝑗 Total Active power supplied by agent 𝑗

during an operational cycle
𝑄𝑖𝑗 ,𝑡 Reactive power flowing of the branch (𝑖, 𝑗)

at time 𝑡
𝑄𝑗 ,𝑡 Reactive power at bus 𝑗 at time 𝑡
𝑄DR
𝑗 ,𝑡 Reactive power from DR of agent 𝑗 at time 𝑡

𝑄d
𝑗 ,𝑡 Reactive power demand of agent 𝑗 at time 𝑡

𝑄PV
𝑗 ,𝑡 Reactive power output from PV of agent 𝑗

at time 𝑡
𝑄W T
𝑗 ,𝑡 Reactive power output from WT of agent 𝑗

at time 𝑡
𝑄MT
𝑗 ,𝑡 Reactive power output from MT of agent 𝑗

at time 𝑡
𝑄PV
𝑗 ,𝑡 Reactive power output from PV of agent 𝑗

at time 𝑡
𝑟 Solar irradiance
𝑅sum Total carbon quota of Cooperative Alliance

during an operational cycle
𝑅p2p
𝑗 ℎ P2P carbon quota transaction between

agents 𝑗 and ℎ at time 𝑡
𝑅𝑗 Marginal contribution of agent j
𝑅cet
𝑗 Carbon emission trading amount for agent 𝑗

𝑅sum
𝑗 The total carbon quota of the alliance

when agent j not participate in P2P energy
trading

𝑆 𝑜𝐶𝑗 ,𝑡 State of Charge of ESS for agent 𝑗 at time 𝑡

optimizing the modeling of renewable energy uncertainty is essen-
tial. These complexities necessitate research that not only improves
trading efficiency but also accounts for the variability of renewable
energy outputs and the security of transaction data, thereby ensuring
model robustness, practical applicability, and equitable distribution of
benefits.
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𝑆 𝑜𝐶aux
𝑗 ,𝑡 Auxiliary State of Charge of ESS for agent 𝑗

at time 𝑡
𝑈𝑗 ,𝑡 Magnitude voltage for bus 𝑗 at time 𝑡
𝑣 Wind speed
𝑉𝑗 ,𝑡 Magnitude of squared voltage for bus 𝑗 at

time 𝑡
𝑦 The decision vectors of all agents in the

distribution system
Parameters

𝛼 Distributionally robust reliability level
𝛼∗ PDF confidence
𝜂ch Charge efficiency of ESS
𝜂dch Discharge efficiency of ESS
𝜌 PAC algorithm parameters
𝜄 Shape parameter affecting the left tail of the

Beta distribution
𝜅 The benchmark price of carbon quota
𝜆net P2P network usage fee
cESS Cost coefficient for ESS battery degradation
cDR Cost coefficient for DR compensation
cMT Cost coefficient for MT generation

electricity
eGT Carbon emission factor for MT power
eut ilit y Carbon emission factor for utility power
𝐼𝑖𝑗 Maximum current limit on branch 𝑖𝑗

𝑃DR
𝑗 ,𝑡 Upper limit of DR power for agent 𝑗 at time

𝑡
𝑃 ch
𝑗 Maximum charge power from ESS of agent

𝑗
𝑃 dch
𝑗 Maximum discharge power from ESS of

agent 𝑗
𝑃MT
𝑗 Upper limit of active power output from

MT of agent 𝑗
𝑄MT
𝑗 Upper limit of reactive power output from

MT of agent 𝑗
𝑄PV
𝑗 Upper limit of reactive power from PV of

agent 𝑗
𝑄WT
𝑗 Upper limit of reactive power from WT of

agent 𝑗
𝑆 𝑜𝐶𝑗 Maximum State of Charge limit of ESS for

agent𝑗
𝑈𝑗 Maximum voltage magnitude limit at bus 𝑗

𝜆p2p
𝑡 Upper bound for P2P electricity trading

prices
𝜇p2p Upper bound for P2P carbon quota trading

prices
𝛾𝑗 PAC algorithm parameters
𝜗 PAC algorithm time-variant factors
𝐼𝑖𝑗 Minimum current limit on branch 𝑖𝑗

𝑃DR
𝑗 ,𝑡 Lower limit of DR power for agent 𝑗 at time

𝑡

1.2. Literature review

In the design of market mechanisms, game theory serves as a
rucial theoretical foundation for modeling the interactions among
articipants in P2P energy trading markets. Studies [6,7] introduce a
tackelberg game framework within microgrids, where producers act
 P

3 
𝑃MT
𝑗 Lower limit of active power output from MT

of agent 𝑗
𝑄MT
𝑗 Lower limit of reactive power output from

MT of agent 𝑗
𝑄PV
𝑗 Lower limit of reactive power from PV of

agent 𝑗
𝑄WT
𝑗 Lower limit of reactive power from WT of

agent 𝑗
𝑆 𝑜𝐶𝑗 Minimum State of Charge limit of ESS for

agent𝑗
𝑈𝑗 Minimum voltage magnitude limit at bus 𝑗

𝜆p2p
𝑡 Lower bound for P2P electricity trading

prices
𝜇p2p Lower bound for P2P carbon quota trading

prices
𝜃 PAC algorithm time-variant factors
𝜑DR Power factor for DR
𝜑𝑀 𝑇
𝑗 Power factor for MT 𝑗

𝜍 Shape parameter affecting the right tail of
the distribution

𝜀 PAC algorithm time-variant factors
𝜉 The growth rate
𝐵 Matrix of coefficients for the coordination

constraints
𝑏 Vector of constants for the equality con-

straints in the optimization problem
𝑐 Scale parameter of the Weibull distribution
𝑐utility
𝑡 Time-of-use electricity pricing from the

utility
𝐷 The pricing interval
𝑑K L KL divergence
𝐸ESS
𝑗 Energy capacity of ESS for agent 𝑗

𝐺 Matrix of coefficients for the equality
constraints in the optimization problem

𝑘 Shape parameter of the Weibull distribution
𝑃 PV,rated
𝑗 Rated power output from PV of agent 𝑗
𝑃WT,rated
𝑗 Rated power output from WT of agent𝑗
𝑟𝑖𝑗 Resistance of the branch between bus 𝑖 and

𝑗
𝑅𝐷𝑗 Ramp-down of MT for agent 𝑗
𝑅𝑈𝑗 Ramp-up of MT for agent 𝑗
𝑆𝑗 ,end Ending State of Charge of ESS for agent𝑗
𝑆PV
𝑗 Apparent power capacity from PV of agent 𝑗
𝑆WT
𝑗 Apparent power capacity from WT of agent

𝑗
𝑆 𝑜𝐶𝑗 ,ini Initial State of Charge of ESS for agent𝑗
𝑣𝑐 Cut-in wind speed
𝑣𝑜 Cut-out wind speed
𝑣𝑟 Rated wind speed
𝑥𝑖𝑗 Reactance of the branch between bus 𝑖 and

𝑗
𝑟𝑟 Rated solar irradiance level

as leaders and consumers as followers, demonstrating that producers
an achieve higher profits under this structure. Conversely, another

line of research [8,9] examines the dynamics of non-cooperative games
etween producers and consumers, such as energy centers. However,
2P energy trading typically involves medium- to long-term contracts
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and operates within markets characterized by limited competition.
This environment renders cooperative game models more appropriate
in practical applications [10]. For instance, one study [11] develops
 cooperative game framework tailored for community microgrids,
tilizing the Shapley value for revenue distribution. In contrast to the
hapley value allocation, this framework emphasizes Nash bargain-
ng [12] as a cooperative game approach, which can more effectively
alance the diverse objectives of different participants [13]. The Nash
quilibrium is achieved in P2P trading scenarios when participants act
ationally and the outcome is Pareto optimal. In [14], a cooperative

scheduling framework based on the Nash bargaining model is proposed
for P2P energy trading, involving both Distribution System Operators
(DSOs) and consumers. This framework not only quantifies the impact
of P2P electricity trading but also introduces an asymmetric Nash
argaining model for the distribution of profits between producers
nd consumers [15,16]. Beyond these considerations, it is essential

for research to account for the effects of power transmission on the
istribution network. Specifically, optimizing trading mechanisms to
itigate issues such as voltage violation and line capacity overloads is

critical [17]. These factors represent significant challenges that must be
ddressed to ensure the practical viability and reliability of P2P energy

trading systems.
Building upon the aforementioned market mechanisms and game-

theoretic frameworks, traditional optimization methods typically re-
quire centralized processing within a dispatch control center. This
centralized approach can demand significant computational resources,
raise privacy concerns, and be susceptible to communication disrup-
tions [18]. Specifically, centralized optimization techniques struggle
to meet the demands of P2P energy trading, particularly when man-
ging a large number of distributed energy resources and handling
xtensive datasets. To address these challenges, distributed algorithms
ave emerged as a promising solution for decentralized P2P energy

markets. Methods such as the dual ascent method [19] and the primal–
dual method [20] are well-established approaches in this domain.

otably, the Alternating Direction Method of Multipliers (ADMM) [21]
ntegrates the strengths of primal–dual techniques and augmented La-
rangian methods, offering stable convergence properties, ease of im-
lementation, and broad applicability in P2P energy trading research.
everaging the ADMM algorithm, recent studies have developed con-
rol architectures for P2P energy trading within multi-microgrid sys-
ems [22]. Additionally, ADMM has been utilized to optimize power

flows in bilateral trading mechanisms within distribution networks,
thereby enhancing economic efficiency [23]. Further contributions to
he field include the development of various ADMM algorithm variants

tailored to the specific requirements of P2P energy trading scenar-
ios [24–26]. These advancements in distributed optimization not only
complement the game-theoretic approaches previously discussed but
lso provide practical methodologies for implementing efficient P2P en-

ergy trading systems. By decentralizing the optimization process, these
algorithms help mitigate the computational and privacy issues inherent
in centralized methods, while also enhancing the overall stability and
calability of P2P energy markets.

Despite the numerous advantages of the ADMM algorithm, it also
presents certain drawbacks, including privacy protection concerns and
igh computational complexity. To address these limitations, Romvary
t al. [27] proposed the Proximal Atomic Coordination (PAC) algo-
ithm, which is grounded in the primal–dual methodology and offers
 unified framework for distributed convex optimization. The PAC al-
orithm is characterized by its rapid convergence and enhanced privacy
rotection capabilities. Its successful application in retail electricity
arkets has facilitated the compensation of distributed node marginal
rices and enabled efficient energy scheduling [28]. However, there

is an urgent need for further research on the application of the PAC
algorithm within P2P energy trading contexts. Specifically, improve-
ments in convergence efficiency and the development of algorithmic
frameworks that ensure privacy protection are essential. This area
 i

4 
remains largely unexplored, presenting significant opportunities for
advancing the state of distributed optimization in P2P energy markets.

Following the discussion of distributed optimization algorithms, it
is also crucial to tackle the uncertainties present in P2P energy trading.
Stochastic Programming (SP) [29], Robust Optimization (RO) [30],
and Distributionally Robust Optimization (DRO) [31] have emerged
as the most commonly employed methodologies in recent years. For
example, the study by [32] integrates chance constraints with SP within
 community market framework to ensure that reserve requirements
re adequately satisfied. Similarly, another investigation [33] addresses

uncertainties in P2P energy trading for integrated energy hubs by
combining Conditional Value-at-Risk (CVaR) with SP. Wei et al. [34]
utilize RO to mitigate the uncertainties associated with renewable en-
ergy sources, proposing a microgrid P2P energy trading framework that
enhances both system adaptability and transaction stability. Building
on this foundation, subsequent research [35] develops a two-layer
robust optimization model to manage energy sharing in microgrids
under uncertain conditions. Additionally, the study [36] explores the
application of fuzzy sets based on deep Gaussian processes in con-
junction with DRO to effectively handle uncertainties in P2P trading
cenarios.

Despite the advantages of above methodologies, they each en-
ounter significant challenges. SP requires extensive probabilistic data,
hich is often difficult to obtain in practice, and its outcomes can
e overly optimistic [37]. RO, while providing robustness, tends to

be overly conservative as it focuses on solutions for the worst-case
cenarios. DRO combines the strengths of both SP and RO by utilizing
istorical data to achieve a balance between economic efficiency and
obustness. Among DRO approaches, those based on Wasserstein metric

have garnered considerable attention due to their superior traceability
nd out-of-sample performance [38,39]. However, Wasserstein-based

DRO typically assumes a linear mapping between decision variables
and uncertain parameters. In reality, the relationship between these
variables may be nonlinear [40]. As a result, Wasserstein-based DRO
with linear decision rules can produce suboptimal or even inaccurate
results and may suffer from poor computational performance [41].
Furthermore, Wasserstein metric-based methods are highly dependent
on the size of the sample data. When the sample size is small, there is a
risk of overfitting [42], whereas excessively large sample sizes can lead
to significant computational burdens [43]. These limitations highlight
the need for continued research to enhance the efficiency and accuracy
f DRO approaches in P2P energy trading contexts.

In parallel, another approach based on Kullback–Leibler (KL) di-
ergence has also seen widespread application in recent years. For

example, the study by [44] introduces a low-carbon optimization model
for energy hubs and employs the Column-and-Constraint Generation
(C&CG) algorithm to solve the DRO problem. However, the C&CG
algorithm requires the introduction of new constraints in each iteration,
which can significantly reduce computational efficiency in large-scale
P2P energy trading scenarios [45]. Another investigation [46] trans-
forms the KL divergence-based DRO model for community energy
haring into a mixed-integer linear programming (MILP) problem, en-
bling direct solution via standard solvers. Nonetheless, the inclusion
f integer variables during this transformation renders the problem

non-convex, thereby complicating the application of distributed al-
gorithms and potentially undermining convergence guarantees [47].
Additionally, the study [48] proposes a KL divergence-based method
for planning energy storage capacity. However, this approach has not
been extended to distributed optimization frameworks suitable for P2P
rading.

1.3. Research gap

Table 1 provides a comprehensive comparison of the selected stud-
es presented in the Literature Review, focusing on aspects such as
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uncertainty models, market mechanisms, network constraints, and dis-
tributed algorithms. Despite these efforts, existing research still exhibits
several shortcomings in addressing P2P trading issues characterized by
a large number of transactions, diverse types, and privacy protection
requirements.

Firstly, in the realm of P2P market mechanisms, current studies are
predominantly focused on the distribution of economic benefits, while
eglecting critical factors such as carbon emission quota markets, the

construction of trading mechanisms, and their environmental impacts.
This oversight results in insufficient attention to the vital role of carbon
rading in reducing greenhouse gas emissions and promoting sustain-
ble development. Consequently, asymmetric Nash bargaining models
n cooperative games, which are primarily driven by economic benefits,
ail to adequately account for the effects of carbon quota trading.

Secondly, although distributed optimization algorithms exhibit
romising applications in fully decentralized P2P energy trading, exist-
ng research predominantly focuses on enhancing the performance of
he ADMM algorithm. There is a lack of systematic exploration into pri-
acy protection characteristics within P2P trading frameworks. Specif-
cally, when considering both market trading mechanisms and renew-
ble energy uncertainties, significant research gaps persist. Therefore,
he development and application of more general and efficient privacy-
reserving distributed algorithms in P2P energy trading represent
ritical areas for current and future research efforts.

Lastly, concerning the uncertainty associated with renewable energy
sources, DRO demonstrates potential in balancing economic efficiency
and robustness. However, existing DRO methods based on Wasserstein
metric and KL divergence suffer from significant limitations, including
strong dependence on sample data, non-convex problem formulations,
and high computational complexity. Moreover, applying DRO mod-
els to P2P energy trading presents challenges in developing efficient
solving algorithms suitable for large-scale scenarios with uncertainty
consideration. There remains a substantial research gap in achieving
a balance between optimization performance and computational effi-
ciency, ensuring distributed convergence, and addressing the unique
uncertainty management challenges inherent in decentralized markets.

1.4. Contributions of this paper

To address the identified research gaps, this study introduces a
ovel P2P trading framework that first employs an asymmetric Nash
argaining framework to integrate the dynamics of carbon emission
rading, ensuring fair revenue distribution and addressing cost allo-
ation challenges in both P2P electricity and carbon quota markets.

Next, the framework incorporates power flow constraints and utilizes
n enhanced PAC algorithm to achieve a fully decentralized solu-
ion, guaranteeing privacy protection and computational efficiency in
2P energy trading. Finally, by leveraging KL divergence to construct
robability distribution measures and applying convex and sample
verage approximation methods, the DRO problem is transformed into
 Distributionally Robust Chance-Constrained (DRCC) problem. This
ransformation maintains the convexity of the modeling framework
nd effectively manages the inherent uncertainties of renewable energy
ources. In summary, the primary contributions of this paper are as
ollows:

• Integration of Network Constraints and Asymmetric Nash
Bargaining: This study introduces the asymmetric Nash bargain-
ing theory to determine P2P trading prices under the network
constraints. It proposes a marginal effect contribution of carbon
quotas and nonlinear mappings of the contribution factors from
both electricity and carbon quota transactions. This approach
maximizes each agent’s benefits while promoting efficient energy
trading. The comprehensive consideration of electrical and car-
bon emission trades ensures fair cost and revenue distribution
among agents.
5 
• Development of a Decentralized P2P Energy Trading Frame-
work with Enhanced Privacy: A decentralized P2P energy trad-
ing framework is developed to significantly improve transaction
privacy. This framework employs time-varying factors to obscure
the true values of transfer variables in each iteration, effectively
preventing their recovery. Comparative analyses with the widely
used ADMM algorithm in current P2P energy trading demonstrate
the superior convergence speed, computational efficiency, and
privacy protection offered by the PAC algorithm. This framework
provides an efficient and privacy-preserving solution for P2P
energy trading, thereby supporting the practical implementation
of decentralized trading systems.

• Application of Data-Driven DRCC Methods for P2P Energy
Trading: To address the uncertainty associated with renewable
energy generation installed by agents, a data-driven DRCC ap-
proach is adopted. By introducing KL divergence-based proba-
bility distribution sets into the distributed optimization model,
this method maintains the convexity of the model, ensuring its
compatibility with P2P distributed trading frameworks and guar-
anteeing algorithmic convergence. This significantly enhances the
adaptability and stability of the model in large-scale and complex
trading environments characterized by uncertainty.

In summary, this paper makes significant advancements by integrat-
ing DRO techniques with game-theoretic approaches and decentralized
algorithms, thereby addressing critical challenges in P2P energy trad-
ing. The proposed framework not only ensures fair and efficient energy
and carbon trading but also enhances privacy and computational effi-
ciency, making it a robust solution for modern decentralized energy
markets.

2. Preliminaries

2.1. Overview

The main outline (shown in Fig. 1) of this paper is as follows:
Section 3 focuses on the construction of uncertainty sets for wind speed
nd solar radiation intensity, as well as the modeling of controllable
evices within distribution systems. The construction of uncertainty
ets is crucial for predicting and optimizing renewable energy systems,
hile the precise modeling of controllable devices provides the nec-
ssary foundation for subsequent trading mechanism formulation and

system optimization. Section 4 constructs a trading mechanism under
a cooperative alliance, aiming to achieve effective resource allocation,
minimization of cooperative alliance costs, and fair distribution of ben-
fits through collaborative efforts among agents. Section 5 introduces
he PAC algorithm and explores its application in the research problem

model presented in this study. The PAC algorithm, as an efficient and
privacy-protected distributed algorithm, has significant advantages in
handling large-scale P2P energy trading issues. Section 6 validates
he effectiveness of the proposed models and algorithms through case
tudies. Section 7 summarizes the entire paper and reviews the main

contributions of the research.

2.2. Research assumptions

In this study, several assumptions and simplifications have been
mployed. These are summarized as follows:

• Each agent is able to engage in transactions of any volume with
all other agents participating in the P2P energy trading network.

• The agents are located in a close position to each other, and the
wind speed or solar radiation intensity within the distribution
system is assumed to follow the same distribution.

• The P2P energy trading between agents involves both electricity
and carbon quotas, with the electricity trading focusing on active
power.
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Table 1
Comparison of the proposed technique with existing P2P literature.

Reference Uncertainty
model

Probability
distribution
measurement

Market
mechanism

Network
constraints

Model Distributed
algorithm

Communication
variable
protection

[34] RO × Nash bargaining × Convex ADMM ×

[39] DRO Wasserstein
metric

× ✓ Convex ADMM ×

[32] Chance-
constrained

× × × Convex ADMM ×

[33] CVAR-SP × Nash bargaining ✓ Convex × ×

[7] × × Stackelberg
game

✓ MISOCP × ×

[9] × × Non-cooperative
game

× MILP × ×

[12] × × Nash bargaining ✓ Convex ADMM ×
[14] × × Nash bargaining ✓ Convex ADMM ×

[16] CVAR-SP × Asymmetric nash
bargaining

× MILP × ×

[24] × × × ✓ Convex R-ADMM ×
[25] × × × ✓ Convex F-ADMM ×

[26] × × Asymmetric nash
bargaining

× Convex WAS-ADMM ×

[49] × × × ✓ Convex ADMM ×

This paper DRCC KL divergence Asymmetric nash
bargaining

✓ Convex PAC ✓
Fig. 1. The main outline of this article.
• Active power losses due to distribution are the responsibility of
the electricity seller and are paid to DSOs.

• All agents are assumed to be rational, striving to maximize both
their individual benefits and the collective interests of the coop-
erative alliance.
6 
3. Uncertainty and distributed resource modeling in distribution
system

Energy prosumers, who are equipped with energy resources such as
wind turbines(WT), photovoltaic panels(PV), micro gas turbines(MT),
and energy storage systems (ESS), have the potential to generate a
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Fig. 2. Diagram of P2P energy trading market.
surplus of energy that exceeds their own consumption. In addition,
demand response (DR) can be viewed as a special kind of energy re-
source because it involves adjusting electricity consumption in response
to changes in utility conditions or electricity prices. Their flexibility
positions them as active participants in the day-ahead P2P energy
market, where each participant acts as an agent. The day-ahead P2P
energy trading market architecture mentioned in this article is shown
in Fig. 2.

3.1. Renewable energy resources output modeling

The generation of energy from WT and PV is subject to signifi-
cant fluctuations depending on weather conditions, which can have
a considerable impact on the outcomes of P2P energy trading. The
probabilistic analysis and power output modeling of these renewable
energy sources are presented in [50,51]. Relevant derivations in this
section, including the SP and RO models, can be found in Appendix A.

3.1.1. Uncertainty set modeling based on KL divergence
To address the uncertainty in the output of renewable energy

sources for agents, this article uses the KL divergence to express the
distance between different probability distribution functions, denoted
𝐷K L. The smaller the value of 𝐷K L is, the closer the two distribution
functions are to each other. For a continuous actual probability density
function 𝑓 and a reference probability density function 𝑓0, the KL
divergence 𝐷K L is defined as follows:

𝐷K L(𝑃 ∥ 𝑃0) = ∫𝛺
𝑓 (𝜉)ln𝑓 (𝜉)∕𝑓0(𝜉)d𝜉 (1)

For discrete probability density functions 𝑓 and the reference prob-
ability density function 𝑓0, the 𝐷K L is defined as follows:

𝐷K L(𝑃 ∥ 𝑃0) =
∑

𝑛
𝜋𝑛 ln 𝑓 (𝜋𝑛)∕𝑓0(𝜋0𝑛 ) ∀𝑛 (2)

This paper considers all distribution functions that have a distance
from the empirical probability density function not exceeding the max-
imum tolerance value 𝑑 . An uncertain set of distribution functions is
K L

7 
established as follows:

𝜎 =
{

𝑓 |𝐷K L(𝑓 ∥ 𝑓0) ≤ 𝑑K L
}

(3)

Here the 𝑑K L selection mirrors an agent’s risk preference, with lower
values indicating tighter alignment with renewable energy’s actual dis-
tribution and higher values suggesting greater divergence. To achieve
equilibrium in risk aversion, the determination of 𝑑K L is defined as
follows:

𝑑K L = 1
2𝑁

𝜒2
𝑁−1,𝛼∗ (4)

When the problem is characterized using KL divergence, as refer-
enced in [52], The confidence selection in the DRCC is given by the
following formula:

𝛼+ = max
{

0, 1 − inf
𝑧∈(0,1)

{

𝑒−𝑑K L𝑧1−𝛼 − 1
𝑧 − 1

}}

(5)

where determination of the 𝛼+ can be achieved using the bisection
method, as discussed in [53].

3.1.2. Wind turbines
The probability density function (PDF) of wind speed is described by

a two-parameter Weibull distribution, which is utilized for forecasting
the probability distribution of wind speeds, calibrated to historical wind
speed data:

𝑓 (𝑣) = 𝑘
𝑐
(𝑣
𝑐
)𝑘−1 exp[−(𝑣

𝑐
)𝑘] (6)

The power output of a WT is modeled concisely as follows:

𝑃WT,fcst
𝑗 ,𝑡,𝑛 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

0 𝑣𝑛 (𝑡) < 𝑣𝑐 , 𝑣𝑛 (𝑡) ≥ 𝑣𝑜

𝑃WT,rated
𝑗

(𝑣𝑛(𝑡)−𝑣𝑐)
𝑣𝑟−𝑣𝑐

𝑣𝑐 ≤ 𝑣𝑛 (𝑡) < 𝑣𝑟
𝑃WT,rated
𝑗 𝑣𝑟 ≤ 𝑣𝑛 (𝑡) < 𝑣𝑜

∀𝑗 ∈ 𝐼 ,∀𝑡,∀𝑛

(7)

WT WT,fcst
𝑃𝑗 ,𝑡 − 𝑃𝑗 ,𝑡,𝑛 + 𝛽𝑗 ,𝑡 ≤ 𝜙𝑗 ,𝑛, 𝜙𝑗 ,𝑛,𝑡 ≥ 0 ∀𝑗 ∈ 𝐼 ,∀𝑡,∀𝑛 (8)
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∑

𝑛
𝜋𝑗 ,𝑛𝜙𝑗 ,𝑛,𝑡 ≤ 𝛽𝑗 ,𝑡𝛼+, 𝛽𝑗 ,𝑡 > 0 ∀𝑗 ∈ 𝐼 ,∀𝑡,∀𝑛 (9)

𝑄WT
𝑗 ≤ 𝑄WT

𝑗 ,𝑡 ≤ 𝑄WT
𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (10)

|

|

|

𝑄WT
𝑗 ,𝑡 ||

|

≤
√

(

𝑆WT
𝑗

)2
−
(

𝑃WT
𝑗 ,𝑡

)2
∀𝑗 ∈ 𝐼 ,∀𝑡 (11)

where the WT’s forecasting active power, as depicted in Eq. (7), is
mainly dependent on the wind speed, manifesting in a piecewise func-
ion form. Power generation is inactive above the cut-out or below the
tart-up wind speeds. A linear increase in maximum output power is
bserved between the start-up and rated wind speeds. The turbine’s
aximum output power reaches its rated capacity at wind speeds above

he rated but below the cut-out speed. Eqs. (8), (9) calculates the proba-
bility that the actual WT output power is less than the power generation
possible under a distribution with Weibull standard deviation. Eq. (10)
egulates the reactive power output of the WT, while Eq. (11) ensures
hat the turbine’s active and reactive power meet the apparent power
onstraints.

3.1.3. Photovoltaic panels
The PDF of the solar irradiance follows a Beta distribution:

𝑓 (𝑟) = 𝛤 (𝜄 + 𝜍)
𝛤 (𝜄)𝛤 (𝜍)

(𝑟)𝜄−1(1 − 𝑟)𝜍−1 (12)

where the shape parameters 𝜄 and 𝜍 indicate the behavior of the Beta
distribution’s tails. Estimating these parameters from historical irra-
diance data enables the prediction of the solar irradiance probability
distribution.

PV power generation is modeled to represent the conversion of solar
nergy into electrical power.

𝑃 PV,fcst
𝑗 ,𝑡,𝑛 =

⎧

⎪

⎨

⎪

⎩

𝑃 PV,rated
𝑗

𝑟𝑛(𝑡)
𝑟𝑟

0 ≤ 𝑟𝑛 (𝑡) < 𝑟𝑟
𝑃 PV,rated
𝑗 𝑟𝑟 ≤ 𝑟𝑛 (𝑡)

∀𝑗 ∈ 𝐼 ,∀𝑡,∀𝑛 (13)

𝑃 PV
𝑗 ,𝑡 − 𝑃 PV,fcst

𝑗 ,𝑡,𝑛 + 𝛽𝑗 ,𝑡 ≤ 𝜙𝑗 ,𝑛,𝑡, 𝜙𝑗 ,𝑛,𝑡 ≥ 0 ∀𝑗 ∈ 𝐼 ,∀𝑡,∀𝑛 (14)

∑

𝑛
𝜋𝑗 ,𝑛𝜙𝑗 ,𝑛,𝑡 ≤ 𝛽𝑗 ,𝑡𝛼+, 𝛽𝑗 ,𝑡 > 0 ∀𝑗 ∈ 𝐼 ,∀𝑡,∀𝑛 (15)

𝑄PV
𝑗 ≤ 𝑄PV

𝑗 ,𝑡 ≤ 𝑄PV
𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (16)

|

|

|

𝑄PV
𝑗 ,𝑡 ||
|

≤
√

(

𝑆PV
𝑗

)2
−
(

𝑃 PV
𝑗 ,𝑡

)2
∀𝑗 ∈ 𝐼 ,∀𝑡 (17)

where PV output power, as per Eq. (13), is mainly dependent on solar
irradiance and shows linear characteristics of a linear function in active
ower output. Eqs. (14), (15) calculate the probability of the actual PV

output power when it is less than the power generation possible under
a distribution with Beta standard deviation. Eq. (16) shows the reactive
ower limits of PV generation. Eq. (17) indicates that the PV system, via

an inverter, keeps the active and reactive power within the maximum
apparent power constraints.

3.2. Micro gas turbines

MTs supply extra power to agents, unaffected by renewable energy
utputs. The modeling of these devices in this paper is based on [54]:

𝑃MT
𝑗 ≤ 𝑃MT

𝑗 ,𝑡 ≤ 𝑃MT
𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (18)

𝑄MT
𝑗 ≤ 𝑄MT

𝑗 ,𝑡 ≤ 𝑄MT
𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (19)

𝑅𝐷𝑗 ≤ 𝑃MT
𝑗 ,𝑡+1 − 𝑃MT

𝑗 ,𝑡 ≤ 𝑅𝑈𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (20)

t an(ar ccos(−𝜑𝑀 𝑇
𝑗 )) ≤ 𝑄𝑀 𝑇

𝑗 ,𝑡 ∕𝑃𝑀 𝑇
𝑗 ,𝑡 ≤ t an(ar ccos(𝜑𝑀 𝑇

𝑗 )) ∀𝑗 ∈ 𝐼 ,∀𝑡 (21)
8 
where the operational constraints on the output power of an MT
are delineated by Eqs. (18) and (19). Eq. (20) specifies the ramping
characteristics of the turbine. The reactive power output properties of
MTs are captured in Eq. (21).

3.3. Energy storage systems

ESS should be modeled with consideration of spatiotemporal cou-
ling. Proper utilization of ESS not only allows for the flexible ad-

justment of electricity loads to meet varying energy needs at different
imes but also optimizes cost-effectiveness through the strategic use of
ime-variant electricity pricing, as discussed in [55].

𝑃 ESS
𝑗 ,𝑡 = 𝑃 dch

𝑗 ,𝑡 − 𝑃 ch
𝑗 ,𝑡 ∀𝑗 ∈ 𝐼 ,∀𝑡 (22)

0 ≤ 𝑃 dch
𝑗 ,𝑡 ≤ 𝑃 dch

𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (23)

0 ≤ 𝑃 ch
𝑗 ,𝑡 ≤ 𝑃 ch

𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (24)

𝑆 𝑜𝐶𝑗 ≤ 𝑆 𝑜𝐶𝑗 ,𝑡 ≤ 𝑆 𝑜𝐶𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (25)

𝑆 𝑜𝐶𝑗 ,ini = 𝑆 𝑜𝐶𝑗 ,end ∀𝑗 ∈ 𝐼 (26)

𝑆 𝑜𝐶𝑗 ,𝑡+1 = 𝑆 𝑜𝐶𝑗 ,𝑡 + (𝜂ch𝑃 ch
𝑗 ,𝑡 − 𝑃 dch

𝑗 ,𝑡 ∕𝜂dch)∕𝐸ESS
𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (27)

𝑆 𝑜𝐶aux
𝑗 ,𝑡+1 = 𝑆 𝑜𝐶𝑗 ,𝑡 − 𝑃 dch

𝑗 ,𝑡 ∕𝜂dch∕𝐸ESS
𝑗 ∀𝑗 ∈ 𝐼 ,∀𝑡 (28)

where the constraints on the ESSs’ charge and discharge power and its
State of Charge (SOC) are defined by Eqs. (22), (23) and (25). The SOC
of the ESS at any given time is determined using Eq. (27). An auxiliary
ost calculation for the ESS is facilitated by the introduction of Eq. (28).
q. (26) ensures the SOC of the ESS is identical at the start and end of

each cycle.

3.4. Demand response

At each agent node, DR constraints include the sum of non-flexible
nd flexible loads, with non-flexible loads being essential and unin-
erruptible. Agents can participate in DR by adjusting strategies for

flexible loads, such as production schedules or air conditioning sys-
tems. Exceeding or falling short of the load demand can impact agent
comfort, potentially incurring discomfort costs, for which appropriate
compensation is pursued.

𝑃DR
𝑗 ,𝑡 = 𝑃DR,dn

𝑗 ,𝑡 − 𝑃DR,up
𝑗 ,𝑡 ∀𝑗 ∈ 𝐼 ,∀𝑡 (29)

𝑃DR
𝑗 ,𝑡 ≤ 𝑃DR

𝑗 ,𝑡 ≤ 𝑃DR
𝑗 ,𝑡 ∀𝑗 ∈ 𝐼 ,∀𝑡 (30)

∑

𝑡
𝑃DR,up
𝑗 ,𝑡 =

∑

𝑡
𝑃DR,dn
𝑗 ,𝑡 ∀𝑗 ∈ 𝐼 ,∀𝑡 (31)

𝑄DR
𝑗 ,𝑡 = 𝑃DR

𝑗 ,𝑡 t an(ar ccos(𝜑DR)) ∀𝑗 ∈ 𝐼 ,∀𝑡 (32)

where the constraints on the load shifting that impact agent comfort
at any given instant are defined by Eq. (30), which sets the upper and
ower bounds for such shifts. Eq. (31) maintains the equality of total

load before and after the shifting process. Eq. (32) relates the shifted
active power to the transferred reactive power load.

3.5. AC power flow model

This paper evaluates the impact of P2P energy trading on distribu-
ion lines and ensures transaction feasibility using a second-order cone
elaxation-based AC power flow model, as referenced in [56]:

𝑃𝑗 ,𝑡 =
∑

(𝑃𝑖𝑗 ,𝑡 − 𝑙𝑖𝑗 ,𝑡𝑟𝑖𝑗 ) −
∑

𝑃𝑗 𝑘,𝑡 ∀(𝑖, 𝑗 , 𝑘) ∈ 𝐵 ,∀𝑡 (33)

𝑖∈𝐾 𝑘∈𝐾
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𝑄𝑗 ,𝑡 =
∑

𝑖∈𝐾
(𝑄𝑖𝑗 ,𝑡 − 𝑙𝑖𝑗 ,𝑡𝑥𝑖𝑗 ) −

∑

𝑘∈𝐾
𝑄𝑗 𝑘,𝑡 ∀(𝑖, 𝑗 , 𝑘) ∈ 𝐵 ,∀𝑡 (34)

𝑃𝑗 ,𝑡 = −𝑃 ut ilit y
𝑗 ,𝑡 −

∑

ℎ
𝑃 p2p
𝑗 ℎ,𝑡 ∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (35)

𝑄𝑗 ,𝑡 = −𝑄d
𝑗 ,𝑡 +𝑄MT

𝑗 ,𝑡 +𝑄W T
𝑗 ,𝑡 +𝑄PV

𝑗 ,𝑡 +𝑄DR
𝑗 ,𝑡 ∀𝑗 ∈ 𝐼 ,∀𝑡 (36)

𝑉𝑗 ,𝑡 = 𝑉𝑖,𝑡 − 2(𝑟𝑖𝑗𝑃𝑖𝑗 ,𝑡 + 𝑥𝑖𝑗𝑄𝑖𝑗 ,𝑡) + (𝑟2𝑖𝑗 + 𝑥2𝑖𝑗 )𝑙𝑖𝑗 ,𝑡 ∀(𝑖, 𝑗) ∈ 𝐵 ,∀𝑡 (37)

‖

‖

‖

2𝑃𝑖𝑗 ,𝑡 2𝑄𝑖𝑗 ,𝑡 𝑙𝑖𝑗 ,𝑡 − 𝑉𝑖,𝑡‖‖
‖2

≤ 𝑙𝑖𝑗 ,𝑡 + 𝑉𝑖,𝑡 ∀(𝑖, 𝑗) ∈ 𝐵 ,∀𝑡 (38)

𝑈𝑗 ≤ 𝑈𝑗 ,𝑡 ≤ 𝑈𝑗 ∀𝑗 ∈ 𝐵 ,∀𝑡 (39)

𝐼𝑖𝑗 ≤ 𝐼𝑖𝑗 ,𝑡 ≤ 𝐼𝑖𝑗 ∀(𝑖, 𝑗) ∈ 𝐵 ,∀𝑡 (40)

where the active power balance within the agent’s distribution system,
considering network losses, is encapsulated by Eq. (33). Eq. (34) delin-
ates the sources of reactive power, namely MT, WT and PV systems,
hich are integral to maintaining distribution system stability. To

ensure the stability and reliability of the distribution system, nodal volt-
ge drops are governed by Eq. (37), with further regulation by Eq. (39)
o keep the voltage within acceptable thresholds. The constraints post

second-order cone relaxation are articulated by Eq. (38), refining the
model for more accurate power flow analysis. Lastly, Eq. (40) imposes
imits on the current, safeguarding the system from potential damage
ue to excessive current flow.

4. Nash bargaining based market modeling for P2P electricity and
arbon emission trading

Building upon the analysis of uncertainties in distributed generation
nd AC power flow, this section delves into Nash bargaining-based mar-
et modeling for P2P energy trading. It defines the cost structures for
arket agents, encompassing both operational and trading expenses.
perational costs include those for MT generation, ESS degradation,
R compensation, and utility interactions, while P2P trading costs

nvolve electricity volumes and carbon quotas. This section establishes
onstraints related to energy balance and carbon quotas and employs an
symmetric Nash bargaining approach to optimize benefit distribution
mong agents. This approach is framed as a two-stage problem, ad-
ressing both optimal energy transmission and pricing strategies within
he P2P market.

4.1. Market agents’ cost function

Here each agent’s cost 𝐷𝑗 structure includes operational costs 𝐴𝑗
nd P2P trading costs 𝐵𝑗 .

𝐷𝑗 = 𝐴𝑗 + 𝐵𝑗 ∀𝑗 ∈ 𝐼 (41)

Operational costs consist of MT electricity generation costs, ESS
battery degradation costs, costs for DR compensation, and transaction
costs with utilities and the tiered carbon pricing market [26].

𝐴𝑗 = min(𝐶MT
𝑗 + 𝐶ESS

𝑗 + 𝐶DR
𝑗 ) ∀𝑗 ∈ 𝐼 (42)

𝐶MT
𝑗 =

∑

𝑡
cMT𝑃MT

𝑗 ,𝑡 ∀𝑗 ∈ 𝐼 ,∀𝑡 (43)

𝐶ESS
𝑗 =

∑

𝑡=2
cESS(𝑆 𝑜𝐶𝑗 ,𝑡−1 − 𝑆 𝑜𝐶aux

𝑗 ,𝑡 ) ∀𝑗 ∈ 𝐼 ,∀𝑡 (44)

𝐶DR
𝑗 = cDR

∑

𝑡
(𝑃DR,up
𝑗 ,𝑡 + 𝑃DR,dn

𝑗 ,𝑡 ) ∀𝑗 ∈ 𝐼 ,∀𝑡 (45)

𝐶ut ilit y
𝑗 =

∑

𝑐utility
𝑡 𝑃 ut ilit y

𝑗 ,𝑡 ∀𝑗 ∈ 𝐼 ,∀𝑡 (46)

𝑡
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𝐸cet
𝑗 =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝜅 𝑅cet
𝑗 −𝐷 < 𝑅cet

𝑗 ≤ 𝐷

𝜅(1 + 𝜉)(𝑅cet
𝑗 −𝐷) + 𝜅 𝐷 𝐷 < 𝑅cet

𝑗 ≤ 2𝐷

𝜅(1 + 2𝜉)(𝑅cet
𝑗 − 2𝐷) + 𝜅(2 + 𝜉)𝐷 2𝐷 < 𝑅cet

𝑗 ≤ 3𝐷

𝜅(1 + 3𝜉)(𝑅cet
𝑗 − 3𝐷) + 𝜅(3 + 𝜉)𝐷 3𝐷 < 𝑅cet

𝑗 ≤ 4𝐷

… …

∀𝑗 ∈ 𝐼 (47)

where the generation cost of MT is depicted using a linear func-
tion [57]. Similarly, the degradation cost of ESS is calculated through
auxiliary variables, efficiently bypassing mixed-integer complexities in
the cost estimation. In our approach, hourly transactions with utility
companies are affected by the time-of-use pricing. In the meantime,
daily carbon market transactions employ a tiered pricing system with a
compensation coefficient to encourage emission reductions. This system
is structured in a way that results in higher trading volumes leading to
increased costs in the carbon market.

The cost of P2P energy trading encompasses the expenses associated
with energy trading with other agents. This energy trading is divided
nto two components: electricity volumes and carbon quotas. These P2P
nergy trading serves to fulfill the agent’s demands or generate profit.

The modeling of this process is as follows.

𝐵𝑗 = 𝐶p2p
𝑗 + 𝐸p2p

𝑗 ∀𝑗 ∈ 𝐼 (48)

𝐶p2p
𝑗 =

∑

𝑡

∑

ℎ
(𝜆p2p𝑗 ℎ,𝑡𝑃

p2p
𝑗 ℎ,𝑡 +𝜆net𝑗 ℎ,𝑡max{𝑃 p2p

𝑗 ℎ,𝑡 , 0}) ∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (49)

𝐸p2p
𝑗 =

∑

ℎ
𝜇p2p𝑗 ℎ 𝑅

p2p
𝑗 ℎ ∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 (50)

where P2P energy sellers pay a network usage fee to the DSOs. The
implementation of network usage fees represents a regulatory measure
designed to prevent the exploitation of energy arbitrage in P2P energy
rading.

Agents in the distribution system must fulfill both their intrinsic
nergy balance constraints and the equilibrium constraints of P2P
nergy trading.

𝑃 utility
𝑗 ,𝑡 +

∑

ℎ
𝑃 p2p
𝑗 ℎ,𝑡 = 𝑃 d

𝑗 ,𝑡 − 𝑃MT
𝑗 ,𝑡 − 𝑃WT

𝑗 ,𝑡 − 𝑃 PV
𝑗 ,𝑡 − 𝑃 ESS

𝑗 ,𝑡 − 𝑃DR
𝑗 ,𝑡

∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (51)

𝑅CET
𝑗 +

∑

ℎ
𝑅p2p
𝑗 ℎ ≥

∑

𝑡
(eut ilit y𝑃 ut ilit y

𝑗 ,𝑡 + eGT𝑃GT
𝑗 ,𝑡 ) ∀𝑗 ∈ 𝐼 ,∀𝑡 (52)

𝑅CET
𝑗 +

∑

ℎ
𝑅p2p
𝑗 ℎ ≥ 0 ∀𝑗 ∈ 𝐼 (53)

𝑃 p2p
𝑗 ℎ,𝑡 + 𝑃

p2p
ℎ𝑗 ,𝑡 = 0 ∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (54)

𝑅p2p
𝑗 ℎ + 𝑅p2p

ℎ𝑗 = 0 ∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (55)

where Eq. (51) establishes the foundational net load balance for an
agent. Building upon this, Eq. (52) integrates environmental considera-
ions by requiring that an agent’s carbon quotas holdings are commen-

surate with or exceed their carbon emissions. To maintain the integrity
of the carbon trading system, Eq. (53) ensures that carbon quota totals
emain non-negative, thereby avoiding the scenario of deficit quotas.

4.2. Asymmetric Nash bargaining approach for market equilibrium

In the allocation of benefits among agents, the Asymmetric Nash
argaining method is applied to explore the P2P energy trading pricing

mechanism. Eq. (56) serves as the analytical tool to compute the
optimal P2P energy transfer strategy, aimed at reducing the overall
cost of the cooperative alliance. Furthermore, agent 𝑗’s electricity and
carbon emission sales and purchases within an operational cycle can be
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quantified and analyzed as follows:
⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑃 rec
𝑗 =

∑

𝑡
∑

ℎmax(0, 𝑃 p2p
𝑗 ℎ,𝑡 )

𝑃 sup
𝑗 =

∑

𝑡
∑

ℎmin(0, 𝑃 p2p
𝑗 ℎ,𝑡 )

𝑅𝑗 = 1∕(𝑅𝐬𝐮𝐦 − 𝑅𝑗 ,𝐬𝐮𝐦)
∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (56)

Here the contributions of agents in P2P energy trading are fully con-
sidered, recognizing the role of increased P2P electricity transactions
n promoting real-time power balance. Carbon trading, as a policy-
nfluenced mechanism, typically involves green energy producers who
ell surplus quotas, thereby promoting green energy generation and
onsumption. Participation in P2P carbon quota transactions holds
ignificant potential for energy conservation and emission reduction.
his study proposes a carbon quota method based on marginal effect
ontribution, where an agent’s impact is assessed by the change in

the alliance’s carbon quota. A smaller increase in the alliance’s quota
indicates a greater individual contribution by the agent, highlighting
their positive influence on the broader energy network.

The study employs an exponential function with the natural con-
tant 𝑒 as its base to formulate a nonlinear mapping function for energy.

This function serves the purpose of measuring the comprehensive con-
tribution factor of agent 𝑗 in terms of electricity and carbon emission
trading, by their contribution to the collective sharing initiative.

𝜔𝑃𝑗 = 0.5
(

exp(𝑃 sup
𝑗 ∕

∑

𝑗
𝑃 sup
𝑗 ) + exp(𝑃 r ec

𝑗 ∕
∑

𝑗
𝑃 rec
𝑗 )

)

∀𝑗 ∈ 𝐼 (57)

𝜔𝑅𝑗 = exp(𝑅𝑗∕
∑

𝑗
𝑅𝑗 ) ∀𝑗 ∈ 𝐼 (58)

𝜔𝑗 = 0.7𝜔𝑃𝑗 + 0.3𝜔𝑅𝑗 ∀𝑗 ∈ 𝐼 (59)

where agent 𝑗’s contributions to electricity and carbon emission trad-
ng are indicated by Eqs. (57) and (58), respectively. Considering

the comprehensive contributions, electricity, as a demand-sensitive
esource, is given priority in P2P transactions, while carbon trading,
eing policy-driven, is given a lower priority. Consequently, in the

weighting process, the comprehensive contribution factor of electricity
is weighted at 0.7, and that of carbon quota trading is weighted at 0.3.

After maximizing overall benefits, each agent engages in mutual
negotiations to allocate the cooperative gains. The construction of an
symmetric benefit distribution model takes into account the compre-
ensive contribution factor of different agents.

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

max
∏

𝑗
(𝐷0

𝑗 −𝐷𝑗 )
𝜔𝑗

s.t. 𝐷0
𝑗 ≥ 𝐷𝑗

𝜆p2p
𝑗 ℎ,𝑡 − 𝜆

p2p
ℎ𝑗 ,𝑡 = 0

𝜇p2p
𝑗 ℎ − 𝜇p2p

ℎ𝑗 = 0

∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (60)

where Eq. (60) introduces 𝐷0
𝑗 as the cost for agent 𝑗 prior to P2P

participation, acting as the negotiation breakdown threshold. Agent
𝑗’s post-transaction cost must be lower than 𝐷0

𝑗 to avoid negotiation
ailure.

A logarithmic linearization method [14] is employed to ensure the
convexity of Eq. (60):
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

min −𝜔𝑗
∑

𝑗
ln(𝐷0

𝑗 −𝐷𝑗 )

s.t. 𝐷0
𝑗 ≥ 𝐷𝑗

𝜆p2p
𝑗 ℎ,𝑡 − 𝜆

p2p
ℎ𝑗 ,𝑡 = 0

𝜇p2p
𝑗 ℎ − 𝜇p2p

ℎ𝑗 = 0

∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (61)

The solution to the aforementioned issue is approached as a two-
tage problem, consisting of the cooperative operation alliance sub-

problem P1 and the asymmetric benefit allocation subproblem P2. For
 t

10 
the cooperative operation alliance subproblem P1:
⎧

⎪

⎨

⎪

⎩

min
∑

𝑗
𝐴𝑗

s.t. (7)–(11), (13)–(40), (51)–(55)
∀𝑗 ∈ 𝐼 (62)

where subproblem P1 aims to minimize the total cooperative alliance
costs 𝐴𝑗 for all agents, disregarding the P2P energy transaction costs 𝐵𝑗
in the objective function. This exclusion is justified by the consideration
hat the total cost for all agents should be minimized. In P2P energy
ransactions, the prices for sellers and buyers are equal, which means

that from the perspective of the cooperative alliance, the transaction
osts for both buyers and sellers effectively cancel each other out.

By solving subproblem P1, we can obtain the optimal parameters
for all variables except for the price. This lays the foundation for
ubproblem P2, which focuses on establishing the benefit allocation:
⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎩

min −𝜔𝑗
∑

𝑗
ln(𝐷0

𝑗 − 𝐴𝑗 − 𝐶
p2p
𝑗 − 𝐸p2p

𝑗 )

s.t. 𝐷0
𝑗 ≥ 𝐸p2p

𝑗 + 𝐴𝑗 − 𝐶
p2p
𝑗

𝜆p2p
𝑗 ℎ,𝑡 − 𝜆

p2p
ℎ𝑗 ,𝑡 = 0

𝜇p2p
𝑗 ℎ − 𝜇p2p

ℎ𝑗 = 0

𝜆p2p
𝑡 ≤ 𝜆p2p

𝑗 ℎ,𝑡 ≤ 𝜆p2p
𝑡

𝜇p2p ≤ 𝜇p2p
𝑗 ℎ ≤ 𝜇p2p

∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (63)

To uphold market trading rules and avoid arbitrary energy pricing,
while encouraging producers to prioritize transactions within cooper-
ative alliances, it is ensured that transaction prices are in line with
upper-level network prices, as per [58]. To preserve market stability
and fairness, specific limits are set on the prices of electricity and
carbon in each P2P transaction. With these constraints, the convex
ptimization problem is now ready for swift resolution by commercial
olvers.

5. A fully decentralized PAC solution approach

The Nash bargaining framework for P2P energy trading discussed
previously establishes a theoretical model for equitable and efficient
market interactions. Building on this, the present section introduces a
fully decentralized PAC approach, which reformulates the P2P trading
optimization problem into a standard format compliant with atomic
decomposition. This method ensures parallel computation and privacy
by decentralizing the problem and applying a time-variant factor. By
addressing constraint coupling and incorporating privacy measures,
the PAC approach enhances the practical implementation of the Nash
bargaining model in decentralized energy markets.

5.1. PAC solution modeling

For the convex optimization optimal problem established previ-
usly, this section will utilize the PAC algorithm to fully decentralize

and solve the distribution system P2P energy trading optimization
model presented in Eqs. (62) and (63) in parallel. To streamline the
ubsequent discourse and analysis, the problem is reformulated into the
tandard format of an optimization problem:
⎧

⎪

⎨

⎪

⎩

min 𝑓 (𝑦) ≜
∑

𝑗
𝑓𝑗 (𝑦𝑗 )

s.t. G𝑦 = b
∀𝑗 ∈ 𝐼 (64)

The function 𝑓 (𝑦) is assumed to be decomposable into a sum of multiple
sub-functions 𝑓𝑗 (𝑦𝑗 ); each 𝑓𝑗 (𝑦𝑗 ) is referred to as the atomic problem of
the 𝑠th atomic variable.

The complexity of power flow and P2P constraint coupling in the
forementioned problem is addressed by using an atomic decomposi-
ion method to decompose the problem in Eq. (64), into which is known
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as the atomic problem:

 = (𝐿, 𝐶 , 𝑆 , 𝑂 , 𝑇 ) (65)

where 𝐿 = {𝐿𝑗 ,∀𝑗 ∈ 𝐾} partition of 𝑁 with 𝐿𝑗 ⊆ 𝑁 being the
components of 𝑦 that each 𝑗 th atom ‘‘owns’’; 𝐶 = {𝐶𝑗 ,∀𝑗 ∈ 𝐾} partition
f 𝑀 with 𝐶𝑗 ⊆ 𝑀 representing the rows of G that each 𝑗th atom

‘owns’’; 𝑆 = {𝑆𝑗 ,∀𝑗 ∈ 𝐾} partition of 𝐹 with 𝑆𝑗 ⊆ 𝐹 representing the
objective summands of 𝑓 that each 𝑗th atom ‘‘owns’’; 𝑂 = {𝑂𝑗 ,∀𝑗 ∈ 𝐾}
each 𝑂𝑗 ⊆ 𝑌 representing the ‘‘copies’’ of variables of 𝑦 additional to
those of 𝐿𝑗 that each 𝑗 th atom needs to satisfy the scope of both 𝐺𝐶𝑗 𝑖
and 𝑓𝑆𝑗 (𝑦) ≜

∑

𝑘 𝑓𝑘(𝑦); 𝑇 = {𝑇𝑗 ,∀𝑗 ∈ 𝐾} each 𝑇𝑗 = 𝐿𝑗 ∪ 𝑂𝑗 ⊆ 𝑌
represents the total variables each 𝑗th atom ‘‘uses’’.

By applying the atomic decomposition framework , we can derive
he standard atomic problem as follows:
⎧

⎪

⎪

⎨

⎪

⎪

⎩

min
∑

𝑗
𝑓𝑗 (𝑎𝑗 )

s.t. G𝑗𝑎𝑗 = b𝑗
B𝑂𝑗 𝑎 = 0

∀𝑗 ∈ 𝐼 (66)

where G𝑗 in the equation is the coefficient matrix for the 𝑗th atomic
variable’s equality constraints; For 𝐵, the expression is as follows:

𝐵𝑚𝑖 ≜
⎧

⎪

⎨

⎪

⎩

−1, if i is ‘‘owned’’and m a related ‘‘copy’’
1, if m is ‘‘owned’’and i a related ‘‘copy’’
0, otherwise

(67)

where 𝐵𝑗 and 𝐵𝑗 indicate the in-degree and out-degree of an atom in
 directed graph, respectively. A coordination constraint is added to
nable full parallelization of the optimization, with each atom adhering
o the second term of Eq. (64) to ensure equality of replicated variables
mong atoms.

5.2. P2P energy trading problem atomization and decoupling

In this section, the atomic framework introduced above is applied to
he P2P energy trading problem that was established. For subproblem
1 (62), by introducing replicated variables for local atoms, the focus is

on decoupling the branch flow constraints and the P2P energy trading
constraints. For the branch flow model constraints:

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑃𝑗 ,𝑡 =
∑

𝑖∈𝐾
(𝑃𝑖𝑗 ,𝑡 − 𝑙𝑖𝑗 ,𝑡𝑟𝑖𝑗 ) −

∑

𝑘∈𝐾
𝑃 [𝑗]
𝑗 𝑘,𝑡

𝑄𝑗 ,𝑡 =
∑

𝑖∈𝐾
(𝑄𝑖𝑗 ,𝑡 − 𝑙𝑖𝑗 ,𝑡𝑥𝑖𝑗 ) −

∑

𝑘∈𝐾
𝑄[𝑗]
𝑗 𝑘,𝑡

𝑉𝑗 ,𝑡 = 𝑉 [𝑗]
𝑖,𝑡 − 2(𝑟𝑖𝑗𝑃𝑖𝑗 ,𝑡 + 𝑥𝑖𝑗𝑄𝑖𝑗 ,𝑡) + (𝑟2𝑖𝑗 + 𝑥2𝑖𝑗 )𝑙𝑖𝑗 ,𝑡

‖

‖

‖

2𝑃𝑖𝑗 ,𝑡 2𝑄𝑖𝑗 ,𝑡 𝑙𝑖𝑗 ,𝑡 − 𝑉 [𝑗]
𝑖,𝑡

‖

‖

‖2
≤ 𝑙𝑖𝑗 ,𝑡 + 𝑉𝑖,𝑡

∀(𝑖, 𝑗 , 𝑘) ∈ 𝐵 ,∀𝑡

(68)

where the objective is to minimize the number of replicated variables
o alleviate the communication burden. This decoupling is achieved by
eplicating the outflow active power 𝑃 [𝑗]

𝑗 𝑘,𝑡 and reactive power 𝑄[𝑗]
𝑗 𝑘,𝑡 of

ranches and by introducing the voltage of the upstream buses.
For the P2P energy trading constraints, it includes subproblem P1

and subproblem P2; for the subproblem P1:
⎧

⎪

⎨

⎪

⎩

𝑃 p2p
𝑗 ℎ,𝑡 + 𝑃

p2p,[𝑗]
ℎ𝑗 ,𝑡 = 0

𝑅p2p
𝑗 ℎ + 𝑅p2p,[𝑗]

ℎ𝑗 = 0
∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (69)

where P2P electricity and carbon quotas trading replications with other
agents facilitate decoupling. The first three terms in Eqs. (68) and (69)
re succinctly encapsulated within the initial constraint of Eq. (66). The
ast term of Eq. (68) is maintained as the original constraint for the

solution process.
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For the subproblem P2:
⎧

⎪

⎨

⎪

⎩

𝜆p2p
𝑗 ℎ,𝑡 − 𝜆

p2p,[𝑗]
ℎ𝑗 ,𝑡 = 0

𝜇p2p
𝑗 ℎ − 𝜇p2p,[𝑗]

ℎ𝑗 = 0
∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀𝑡 (70)

Decoupling of subproblem P2, the focus is solely on decoupling the
transaction prices, as the optimal power transmission and other vari-
ables have already been determined in subproblem P1.

As discussed in the previous section, the addition of coordination
constraints is necessary. For the subproblem P1:
⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

𝑃 [𝑗]
𝑗 𝑘,𝑡 − 𝑃𝑗 𝑘,𝑡 = 0
𝑄[𝑗]
𝑗 𝑘,𝑡 −𝑄𝑗 𝑘,𝑡 = 0

𝑉 [𝑗]
𝑖,𝑡 − 𝑉𝑖,𝑡 = 0
𝑃 p2p,[𝑗]
ℎ𝑗 ,𝑡 − 𝑃 p2p

ℎ𝑗 ,𝑡 = 0
𝑅p2p,[𝑗]
ℎ𝑗 − 𝑅p2p

ℎ𝑗 = 0

∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼 ,∀(𝑖, 𝑘) ∈ 𝐵 ,∀𝑡 (71)

For the subproblem P2:
⎧

⎪

⎨

⎪

⎩

𝜆p2p,[𝑗]
ℎ𝑗 ,𝑡 − 𝜆p2p

ℎ𝑗 ,𝑡 = 0
𝜇p2p,[𝑗]
ℎ𝑗 − 𝜇p2p

ℎ𝑗 = 0
∀ℎ ∈ 𝐼∕𝑗 ,∀𝑗 ∈ 𝐼∀𝑡 (72)

where the coordination constraints are encapsulated in the second term
of (66), signifying the completion of the decoupling for the subproblems
1 and P2.

5.3. Privacy-ensured PAC algorithm overall process

This section will present the Lagrangian function that forms the
objective function for agent 𝑗 as well as the update method for its dual
ariables, as shown in Algorithm 1.

Algorithm 1 Proximal Atomic Coordination (PAC) Algorithm
1: Start
2: Initialization:

Initialize all agents’ variables 𝑎𝑗 [0], dual variables 𝜇𝑗 [0], 𝜈𝑗 [0],
and proximal parameters 𝜌, 𝛾𝑗

Set initial values for the Lagrange multipliers and iteration 𝜏 = 0
3: while not converged do
4: Local Variable Update:

Each agent 𝑗 solves its local subproblem to update 𝑎𝑗 [𝜏 + 1]
5: Privacy Protection:

Using the formula (75), apply time-variant factor 𝜗(𝜏 + 1) to
update the local copies of the shared variables 𝑎̂𝑗 [𝜏 + 1].

6: Communication:
Agents communicate the updated values to their neighbors

7: Dual Variable Update:
Update the dual variables 𝜇𝑗 [𝜏 + 1] and 𝜈𝑗 [𝜏 + 1] Using the

formulae (76) and (78) and received 𝑎̂𝑗 [𝜏 + 1].
8: Privacy Protection:

Using the formula (77) and (79), apply time-variant factors
𝜃(𝜏+ 1) and 𝜀(𝜏+ 1) to update the dual copies of the shared variables
𝜇̂𝑗 [𝜏 + 1] and 𝜈̂𝑗 [𝜏 + 1].

9: Check Convergence:
If the primal residuals ‖G𝑎[𝜏] − 𝑏‖2 and the dual residuals

‖

‖

‖

B𝑂 𝑗𝑎[𝜏]‖‖
‖2

are below a predefined threshold, proceed to the next
step

Otherwise, increment 𝜏 and return to the step 4
0: end while
1: End
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First, the proximal decomposition of the objective function is per-
formed:
𝐿(𝑎, 𝜇 , 𝜈𝑗 ) =

∑

𝑗

[

𝑓𝑗 (𝑎𝑗 ) + 𝜇T𝑗 (G𝑗𝑎𝑗 − b𝑗 ) + 𝜈T𝑗 B𝑂𝑗 𝑎
]

=
∑

𝑗

[

𝑓𝑗 (𝑎𝑗 ) + 𝜇T𝑗 (G𝑗𝑎𝑗 − b𝑗 ) + 𝜈TB𝑇𝑗 𝑎𝑗
]

≜
∑

𝑗
𝐿𝑗 (𝑎𝑗 , 𝜇𝑗 , 𝜈)

∀𝑗 ∈ 𝐼 ∪𝐾 (73)

Updates for local and dual variables are derived from the prox-linear
Lagrangian function:

𝑎𝑗 [𝜏 + 1] = ar gmin
{

𝐿𝑗 (𝑎𝑗 , 𝜇̂𝑗 [𝜏], ̂𝜈[𝜏]) + 1
2𝜌
‖

‖

‖

𝑎𝑗 − 𝑎𝑗 [𝜏]
‖

‖

‖

2

2

}

∀𝑗 ∈ 𝐼 ∪𝐾

(74)

𝑎̂𝑗 [𝜏 + 1] = 𝑎𝑗 [𝜏 + 1] + 𝜗(𝜏 + 1)(𝑎𝑗 [𝜏 + 1] − 𝑎𝑗 [𝜏]) ∀𝑗 ∈ 𝐼 ∪𝐾 (75)

where communicating 𝑎̂𝑗 for all 𝑗 ∈ 𝐼 ∪𝐾

𝜇𝑗 [𝜏 + 1] = 𝜇𝑗 [𝜏] + 𝜌𝛾𝑗 (G𝑗 𝑎̂𝑗 [𝜏 + 1] − b𝑗 ) ∀𝑗 ∈ 𝐼 ∪𝐾 (76)

̂𝑗 [𝜏 + 1] = 𝜇𝑗 [𝜏 + 1] + 𝜃(𝜏 + 1)𝜌𝛾𝑗 (G𝑗 𝑎̂𝑗 [𝜏 + 1] − b𝑗 ) ∀𝑗 ∈ 𝐼 ∪𝐾 (77)

𝜈𝑗 [𝜏 + 1] = 𝜈𝑗 [𝜏] + 𝜌𝛾𝑗B𝑂 𝑗 𝑎̂[𝜏 + 1] ∀𝑗 ∈ 𝐼 ∪𝐾 (78)

̂𝑗 [𝜏 + 1] = 𝜈𝑗 [𝜏 + 1] + 𝜀(𝜏 + 1)𝜌𝛾𝑗B𝑂 𝑗 𝑎̂[𝜏 + 1] ∀𝑗 ∈ 𝐼 ∪𝐾 (79)

where communicating 𝜈̂𝑗 for all 𝑗 ∈ 𝐼 ∪𝐾
The algorithm iteratively updates the positive parameters 𝜌 and 𝛾𝑗

nd involves the protection of agent 𝑗’s variable 𝑎𝑗 into 𝑎̂𝑗 using a
time-variant factor 𝜗(𝜏 + 1) in Eq. (75). The dual variables 𝜇𝑗 and 𝜈𝑗
re updated according to Eqs. (76) and (78). Subsequently, the protect
ual variables 𝜇̂𝑗 and 𝜈̂𝑗 are updated using the time-variant factors
𝜃(𝜏 + 1) and 𝜀(𝜏 + 1), based on Eqs. (77) and (79). Where 0 ≤ 𝜗(𝜏) ≤ 1,
≤ 𝜃(𝜏) ≤ 1, 0 ≤ 𝜀(𝜏) ≤ 1. The coupled agents communicate and protect
ariables to prepare for subsequent iterations. While the original PAC
lgorithm provides privacy only for the dual variables, the improved
AC algorithm ensures privacy for all communication variables [59].

6. Case study

The chosen case study is structured into four parts. Initially, the
foundational data are presented and explained. Subsequently, a com-
parative analysis will be conducted between the PAC algorithm intro-
duced herein and the ADMM algorithm. Following this, the decision-
making process and the resulting outcomes of the model will be veri-
fied. Finally, an examination of how the credibility of renewable energy
sources influences the P2P electricity and carbon trading mechanisms

ill be carried out.

6.1. Foundational data

All model establishment and solution search are performed on a
omputer with Windows 11 operating system, equipped with an AMD
yzen Threadripper 3970X 32-Core Processor at 3.69 GHz and 64 GB
f RAM. MATLAB R2018a and the YALMIP toolbox are utilized for all

modeling tasks. In addressing the subproblem P1, denoted as an SOCP
nd presented in Eq. (62), the Gurobi 11.0.1 solver is selected due
o its superior computational speed. Conversely, for the subproblem

P2, which involves convex optimization with logarithmic functions
and is detailed in Eq. (63). The Mosek 10.2.0 solver is deemed more
appropriate owing to its specialized capabilities in this domain.

Fig. 3 illustrates the test case for this study, which includes a total of
10 agents (5 residential, 2 industrial, and 3 commercial). The positions
nd parameters of the loads are detailed in [49]. The distribution
ystem allows a voltage magnitude range between 0.95 and 1.05 per
12 
Table 2
Common parameter values for energy resource models with different agents.

Model Parameter Value

PV 𝑟𝑟 1 kW/m2

WT
𝑣𝑐 3 m/s
𝑣𝑟 12 m/s
𝑣𝑜 25 m/s

MT 𝑅𝐷𝑗 −20% capacity
𝑅𝑈𝑗 20% capacity

ESS 𝑃 ch
𝑗 /𝑃 dch

𝑗 20% capacity
𝜂ch/𝜂dch 95%

DR 𝑃DR
𝑗 ,𝑡 −20% base load

𝑃DR
𝑗 20% base load

Beta distribution 𝛼 5
𝛽 1.5

Weibull distribution 𝑐 15
𝑘 3

unit (p.u.), and the network usage charge for P2P energy trading is
ased on the actual values calculated in [60]. The carbon emissions

from electricity purchased from the utility are derived from the 2021
electricity carbon dioxide emission factor data for China [61], with the
ase carbon quota price set at ¥90, reflecting recent carbon pricing
rends. The typical daily load curve and electricity purchase and sale
rices are illustrated in Fig. 4.

A multi-state probability model for wind speed and solar irradiance
s generated based on [62,63]. Latin hypercube sampling is used to

generate 5000 scenarios, which are reduced to 20 representative sce-
narios, as shown in Fig. 5. Considering the second-day real-time P2P
energy trading, the parameters 𝛼 = 0.5 and 𝛼∗ = 0.95 are set, and 𝛼+ is
computed using Eq. (5) to be 0.4612. A detailed list of other parameters
s provided in Tables 2 and 3.

6.2. Comparative analysis of different algorithms

This section presents a comparative analysis of four case scenarios
defined by their optimization approach for P2P energy trading. This
entails the following four methods:

Centralized Optimization: A conventional approach focusing on
entralized decision-making for P2P energy trading.

ADMM: A fully decentralized application of the ADMM for P2P
energy trading optimization, the formulae can be found in Appendix C.

PAC-Optimal: A fully decentralized PAC algorithm without privacy
rotection for P2P energy trading optimization.

PAC-Private: A fully decentralized PAC algorithm incorporating
privacy protection for P2P energy trading optimization.

The method outlined in the literature [27] is utilized for the calcu-
ation of parameters 𝜌 and 𝛾 for the PAC, as well as the parameter 𝜌 for
he ADMM. Convergence is defined as occurring when both the primal
nd dual residuals are less than 1 × 10−3. The selection of initial values
or the algorithms is achieved by introducing random perturbations
round the optimal values for both the primal and dual variables. The
istinction between PAC-Optimal and PAC-Private is characterized as
ollows:

• In PAC-Optimal, the values of all variables are determined by
fixed optimal parameters at each iteration, providing a consistent
approach to optimization.

• Conversely, PAC-Private introduces a time-variant factor of the
primal and dual variables before each iteration’s information
exchange, ensuring privacy while maintaining the optimization
process.

The results depicted in Fig. 6 present a comparative analysis of
the coalition’s total cost for subproblem P1 solved using the four
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Fig. 3. IEEE 33 test feeders.

Fig. 4. Daily (a) Load curves for residential, industrial, and commercial sectors (b) Electricity purchase and sale prices from utility companies.

Fig. 5. Daily (a) Solar irradiance scenario diagram and (b) Wind speed scenario diagram.
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Table 3
Summary of locations and installation capacities (kW) of generation units.

Res. 1 Res. 2 Res. 3 Res. 4 Res. 5 Ind. 1 Ind. 2 Comm. 1 Comm. 2 Comm. 3
WT × × × × × 1200 1400 × × ×
PV 600 775 700 650 750 × × 850 1000 1100
MT × × × × × 800 800 500 500 500
ESS 250 400 320 300 350 700 800 × × ×
DR ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

The terms ‘‘residential’’, ‘‘industrial’’ and ‘‘commercial’’ are represented by the abbreviations ‘‘Res.’’, ‘‘Ind.’’ and ‘‘Comm.’’.
e

P
p

a
(
s
a
p
p

aforementioned algorithms. A total of 200 iterations are conducted
to observe the outcomes. The black line represents the optimal total
cost obtained using the Gurobi solver, amounting to ¥23,472.78. All
three distributed algorithms converged to the optimal value around the
150th iteration. The PAC-Optimal algorithm demonstrated the fastest
convergence rate, reaching the optimal value of ¥23,484.49 after 148
terations. The ADMM algorithm achieved convergence at the 150th
teration with an optimal cost of ¥23,485.50. The PAC-Private algo-

rithm completed convergence at the 155th iteration with a total cost
of ¥23,485.26. Although real-time protection of variables enhances
privacy, it somewhat impacts the optimal convergence rate of the PAC
algorithm. In terms of iteration residuals, after 200 iterations, both
the primal and dual residuals are below 1 × 10−3, and the algorithms
exhibited less oscillatory behavior compared to ADMM.

The average computational time for both PAC-Optimal and PAC-
Private is 0.82 s, with maximum times recorded at 1.11 s. In contrast,
ADMM exhibits an average computational time of 0.97 s, peaking at
a maximum of 1.35 s. Disregarding communication delay, the total
solution time achieved through parallel computation is as follows:
PAC-Optimal completes in 121.36 s, while ADMM takes 145.51 s. PAC-
Private, despite the additional step of real-time protected, concludes in
127.11 s, compared to ADMM, the PAC-Private total computation time
has been reduced by 12.65%. In brief, in terms of total computational
time, the PAC-Optimal algorithm outperforms both PAC-Private and
ADMM, primarily due to its lowest iteration count and the shortest
computational time per attempt. Despite having a slightly higher it-
eration count compared to ADMM, PAC-Private achieves a better total
time due to its lower average computational time per attempt, which
compensates for the additional iterations. PAC-Private, while offering
enhanced privacy through time-variant factors, incurs a slight increase
in total computational time compared to PAC-Optimal, indicating a
trade-off between privacy protection and computational efficiency.

Based on the aforementioned comparison, the PAC-Private algo-
rithm is employed to solve the asymmetric Nash bargaining subproblem
2, as it effectively protects the trading price information in the P2P

energy trading, with a total of 300 iterations conducted. A centralized
solution, serving as a benchmark, is obtained by invoking the Mosek
solver. From the iteration information in Fig. 7, all agents achieve
onvergence by the 229th iteration, the detailed results of each agent
an be found in Appendix D, with the following total costs for each type
f agent: residential agents at ¥9882.13, industrial agents at ¥900.38,

and commercial agents at ¥12,690.18. The average computational time
per iteration is 0.62 s, accumulating to a total duration of 141.98 s.

In summary, the PAC-Private algorithm’s strength lies in its imple-
entation of time-variant protection for all communicated primal and
ual variables, thereby enhancing data security and privacy protection.
his protection method makes it highly challenging to revert to the

original values [27], ensuring the confidentiality of agents’ data in a
istributed environment. Specifically, 𝜈̂𝑗 serves as a coordination factor

between different agents, responsible for ensuring the overall cost
ptimization within a cooperative alliance. During the solution process
f the subproblems, 𝜈̂𝑗 plays a different but equally crucial role in both
ubproblem P1 and subproblem P2. For subproblem P1, 𝜈̂𝑗 contains
ey information that ensures the optimal transfer of energy across
he cooperative alliance, allowing the system to achieve the optimal
istribution of energy among different agents and prevent imbalances
14 
in power transfer, minimize the total operating cost of the cooperative
alliance. For subproblem P2, 𝜈̂𝑗 carries optimal pricing information
between agents, leading to fairer and more reasonable transaction
prices within the alliance, realize the distribution of benefits within
the cooperative alliance. However, for other methods described beside
the PAC-Private algorithm, 𝜈̂𝑗 is not effectively protected. If its value is
tampered with, there is a risk of imbalance in the energy distribution of
the cooperative alliance and unfairness in the transaction prices of the
agents, thereby harming the interests of the alliance as a whole and
each agent. Overall, the PAC-Private algorithm adopted in this paper
has achieved satisfactory results in solving both subproblem P1 and
subproblem P2.

6.3. Analysis of P2P energy trading results

The analysis of the P2P electricity, as depicted in Fig. 8, reveals dis-
tinct patterns throughout the day: Low-Demand Period (0:00–8:00):
During the early morning hours, the P2P electricity trading volume is
observed to be low. This is primarily due to the reduced demand for
electricity during this time. Additionally, the absence of solar irradiance
and higher wind speeds after midnight mean that PV cannot generate
lectricity, leaving industrial agents as the sole producers who prefer

to engage in P2P energy trading with commercial agents rather than
residential agents. Morning to Afternoon Period (9:00–16:00): As
daylight and wind conditions change, the electricity generation from
V increases. Residential and commercial agents transform into energy
roducers, while industrial agents become consumers. Evening Peak

Demand (17:00–24:00): With the ending of PV power generation in
the evening and a peak in electricity demand between 19:00 and 21:00,
the cost of purchasing electricity from utility companies is high due to
time-of-use pricing policies. Consequently, the P2P electricity trading
volume reaches its peak during this period. Industrial agents revert to
being electricity producers, while residential and commercial agents
turn into consumers.

Evaluating the decision-making mechanisms of various agents
across different time segments reveals different energy management
strategies. As illustrated in Fig. 9, during the early morning hours,
residential agents primarily satisfy their electricity needs by purchasing
from utility companies rather than relying on P2P energy trading.
This is attributed to the fact that renewable energy generation at
night comes mainly from wind power, and all agents favor energy
consumption during lower-priced nighttime slots to maximize their
benefits. Commercial agents, to meet their load demands, purchase
electricity not only through P2P trading with industrial agents but also
from utility companies.

Both residential and industrial agents opt to charge their ESS during
the early morning period. As the day progresses, with the increase in
PV generation, the electricity supply for residential and commercial
gents primarily shifts to solar power. In the peak mid-day period
12:00–14:00), when solar generation reaches its peak, these agents
ell their surplus electricity to industrial agents. Industrial agents, in
ddition to wind power and P2P energy trading, also increase their
ower generation from MT to meet their load demands during the
eriod.

As evening approaches and PV generation decreases to zero, the
peak demand period from 19:00 to 21:00 sees MTs of both industrial
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Fig. 6. Convergence chart of algorithms for (a) Cost, (b) Dual residual, and (c) Primal residual.
Fig. 7. Convergence chart of cost allocation based on the PAC-Private algorithm for (a) Residential agents, (b) Industrial agents, and (c) Commercial agents.
and commercial agents operating at maximum capacity. This strategy
is employed because the cost of generating electricity using MTs during
this period is lower than the cost of purchasing from utility companies.
ESSs also discharge during these hours. By the time it reaches 22:00
to 24:00, with the reduction in electricity demand, the volume of P2P
electricity trading correspondingly declines.

The impact of P2P electricity trading on the distribution system
has been assessed, and the results depicted in Fig. 10(a) demonstrate
that the proposed trading mechanism effectively ensures the secure
and stable operation of the system. The lowest voltage magnitudes are
notably concentrated at buses 13 to 18, as shown in Fig. 10(a). This
phenomenon can be attributed to the period when PV generation is
inactive, leading to commercial agent 2 and residential agents 3 and 4
operating solely as energy consumers. The absence of local renewable
energy compensation, coupled with the extended lengths of the asso-
ciated branches, results in significant voltage drops and consequently
lower voltage magnitudes. Upon examination of the line loading rates
in Fig. 10(b), it is observed that during peak electricity demand periods,
the line loading rates of the distribution system increase accordingly,
due to the marked increase in power transmission volumes. Particularly
in the early morning, when residential and commercial agents primarily
meet their demand by purchasing electricity from the utility company,
the loading rates of lines close to the first node are higher. Similarly,
during the evening peak demand period from 19:00 to 21:00, the surge
in electricity demand makes P2P electricity trading an essential means
to satisfy load requirements, resulting in higher overall line loading
rates in the distribution system. However, at all times, the method used
in this article effectively limits the voltage and line loading rates within
safe ranges.

The subsequent evaluation of the cost allocation under the trading
framework proposed in this paper is presented in Fig. 11. Compared
to the scenario without P2P energy trading, where the total cost is
¥26,165.21, the introduction of P2P energy cooperation has resulted
15 
in a total cost of ¥23,472.78, reflecting a 10.29% reduction. Mean-
while, the total carbon quota is 28.45t without P2P energy trading.
Conversely, the total carbon quota is 25.43t with P2P energy trading,
reflecting an 11.86% reduction. For the cost allocation among various
agents, a comprehensive contribution factor calculation formula as
shown in Eq. (59) has been applied to determine each agent’s contribu-
tion. The resulting comprehensive contribution factors for residential
agents 1–5 are 1.12, 1.10, 1.11, 1.11, and 1.10, respectively. For in-
dustrial agents 1 and 2, the factors are 1.20 and 1.21, respectively; and
for commercial agents 1–3, they are 1.04, 1.05, and 1.06, respectively.
Based on these comprehensive contribution factors, the final total costs
for each agent have been calculated. The proportion of total costs for
residential and industrial agents has decreased, indicating a higher
contribution to the prosumer alliance. Conversely, the lower propor-
tion of costs for commercial agents suggests a comparatively lower
contribution relative to residential and industrial agents. The greatest
reduction in the proportion of total cost after negotiation is experienced
by industrial agent 1, with a decrease of 1.03%. Meanwhile, the highest
increase in cost proportion is observed for commercial agent 3, with an
increase of 0.96%.

To visually present the bargaining ability of each agent and the
flow of transactions, the P2P electricity trading at noon 12:00 and
evening 19:00, as well as the full-day P2P carbon emission trading, are
analyzed, with results shown in Fig. 12. At noon, with enough PV power
generation, at the price when industrial agents, as consumers within
the alliance, purchase electricity from residential agents is generally
higher than that from commercial agents. As evening approaches, with
sufficient wind power generation, the selling price of industrial agents
to commercial agents is generally higher than that to residential agents.

In the case of P2P carbon emission trading, the price difference
between industrial and commercial agents is more pronounced. This
is due to the tiered carbon pricing involved in carbon emission trans-
actions. As depicted in Fig. 12(c), commercial agents have a larger load
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Fig. 8. Overall power results of the P2P electricity trading.

Fig. 9. Detailed power results of P2P electricity trading for agents: (a) Residential agents, (b)Industrial agents, (c) Commercial agents.
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Fig. 10. Test the voltage amplitude of all buses in the testing system (a), Line loading of all branches (b).
Fig. 11. Cost allocation among agents with and without P2P energy trading.

and insufficient photovoltaic capacity, necessitating the purchase of a
significant amount of carbon quotas to meet their energy needs through
electricity from the utility company and MT power generation. Conse-
quently, under the tiered carbon trading mechanism, industrial agents
are more inclined to sell electricity to commercial agents, as selling
green power to them indeed reduces the total cost of the prosumer
alliance. Additionally, residential agents purchase extra carbon quotas
beyond their own needs for resale. However, both buyers and sellers
benefit from P2P carbon emission trading.

The results depicted in Fig. 13 provide an in-depth analysis of
the P2P electricity trading prices at various times, combining the
lower and upper bounds. It can be observed that during the 9:00–
17:00 period, P2P electricity trading prices tend to lean toward the
lower limit, while for the periods of 0:00–8:00 and 18:00–24:00, the
P2P electricity trading prices lean more toward the upper limit. The
outcomes indicate that regardless of whether the industrial agents act
as energy producers or consumers, they can secure greater profits. This
advantage stems from the industrial agents’ significant comprehensive
contribution factor, which arises from their extensive purchasing and
selling of electricity and CET. This, in turn, gives industrial agents
stronger bargaining ability in the P2P energy market.
17 
Table 4
Solution time under 4 different model in PAC algorithm.

Model Solution time for different sample sizes∕s

500 1000 2000 5000 10 000

SP 252.65 320.85 437.10 652.55 1266.82
DRO-W 146.35 158.96 171.72 188.34 254.39
DRCC-KL 127.48 127.36 126.95 127.11 127.08
RO 105.77 107.37 113.34 124.22 133.53

6.4. Comparative analysis of different confidence levels

To investigate the impact of different uncertainty optimization mod-
els on the results, this study constructs the following four models:

SP: This model optimizes based on a scenario set generated through
extensive sampling, and its formulation is presented in (A.11).

RO: This model ensures feasibility across all scenarios and is formu-
lated as shown in (A.3).

DRO-W: Following the approach in [39,64], this model uses the
Wasserstein-metric-based DRO framework. Affine decision rules are
adopted to adjust the modeling process, where sampled scenarios are
treated as error vectors and incorporated into a data-driven support set
through the Dirac distribution. The confidence level is set to 0.9.

DRCC-KL: This model is proposed in this study with parameters set
at a confidence level of 𝛼 = 0.9 and 𝛼∗ = 0.95.

Fig. 14 presents the economic results for the four models described
above. For the SP model, the coalition’s total cost is ¥35,125.09, with
a total carbon quota of 36.80 tons. Under the RO model, the coalition’s
total cost increases to ¥39,579.12, with a total carbon quota of 40.54
tons. The DRO-W model results in a total cost of ¥36,651.46 and a
carbon quota of 48.43 tons, whereas the DRCC-KL model achieves a
total cost of ¥36,078.95 and a carbon quota of 37.72 tons. The cost
for all agents under the DRCC-KL model is lower than that under the
RO and DRO-W models but higher than under the SP model. The
SP model, which only considers the reference probability distribution
of renewable energy, lacks robustness as it inadequately addresses
extreme scenarios, resulting in overly optimistic optimization costs.
The RO model, on the other hand, focuses solely on the worst-case
scenarios, disregarding probability distribution information, leading to
overly conservative outcomes. The DRO-W model, due to the adoption
of affine principles and dual transformations, cannot guarantee the
accuracy of transformed results [44], thus yielding more conservative
results compared to the DRCC-KL model.
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Fig. 12. P2P electricity trading flow and prices at (a) Noon 12:00, (b) Evening 19:00 and (c) Full-Day P2P carbon emission trading flow and prices.
Fig. 13. Price ranges for P2P electricity trading at various times.
Table 4 compares the computation times for the four models after
convergence using the PAC algorithm. The SP model requires process-
ing all historical data samples, causing its computation time to increase
with the number of samples, when the number of samples is 10000,
it takes 1266.82 s. In contrast, the RO model, which only identifies
the worst-case scenario, has the fastest computation speed among the
18 
four models. The DRO-W model, which requires identifying additional
boundary values within scenarios, is slightly slower than the RO model.
In the DRCC-KL model, leveraging the proposed multi-state generation
model to reduce the number of scenarios, the calculation time is always
around 127 s, it does not change with the increase of sample size due
to its clustering-based confidence result calculations.
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Fig. 14. Comparison costs and carbon quotas under 4 different model.
Fig. 15. Variation of agent costs with reliability levels, (a) Residential agent, (b) Industrial agent and (c) Commercial agent.
Table 5 presents an analysis of the impact of varying the confidence
level of the probability density function, denoted as 𝛼∗, and the number
of scenarios 𝑀 , on the total cost of the prosumer alliance under
a constant distributionally robust reliability level of 𝛼 = 0.5. The
analysis reveals that as the 𝑑K L value increases, the optimized cost also
increases, indicating a more conservative optimization outcome with
enhanced robustness. By maintaining a fixed confidence level of 𝛼∗ and
increasing the number of scenarios 𝑀 , the optimization cost gradually
decreases. This suggests that incorporating more historical data allows
the reference distribution to more closely approximate the actual dis-
tribution, thereby mitigating the risk of extreme low-probability events
and reducing the total cost for the prosumer alliance. Collectively, these
findings indicate that increasing the number of generated scenarios has
a more pronounced effect on optimization costs compared to altering
the value of 𝛼∗, and represents a more effective method for improving
economic efficiency.

The subsequent evaluation examines the impact of the distribu-
tionally robust reliability level 𝛼 on the costs of various agents under
constant confidence levels of the probability density function 𝛼∗ and
a fixed number of scenarios 𝑀 , as depicted in Fig. 15. By increasing
𝛼 from 0 to 1, it is observed that the cost for each agent increases
significantly. At 𝛼 = 0, the chance constraint of the DRCC model has
a failure probability of 1, indicating no consideration of worst-case
19 
scenarios of renewable energy generation. Conversely, at 𝛼 = 1, the
failure probability of the chance constraint is 0, accounting for all
worst-case scenarios of renewable energy. Moreover, at 𝛼 = 0, the
costs for commercial agents 2 and 3, and residential agents 3 and 4
are similar. However, as 𝛼 increases, the cost disparity between these
two sets of agents widens. This is attributed to the larger renewable
energy installation capacities of residential agent 3 and commercial
agent 2, compared to the smaller capacities of residential agent 4 and
commercial agent 3. The selection of the 𝛼 value has a more pro-
nounced impact on agents with larger installation capacities. Therefore,
when formulating energy trading and management strategies, the wise
choice of 𝛼 is crucial for agents with significant installation capacities
to balance cost and risk management effectively.

The final assessment investigates the impact of the distributionally
robust reliability level 𝛼 on P2P energy trading while keeping the
confidence level of the probability density function 𝛼∗ and the number
of scenarios 𝑀 constant, as illustrated in Fig. 16. It is observed that as
the value of 𝛼 increases, the volume of electricity transactions increases
at various times. However, at certain moments, the electricity trading
volume exhibits a decrease followed by an increase with the rise in 𝛼.
This phenomenon occurs when the generation of renewable energy is
nearly equal, leading to an ambiguity in the roles of sellers and buyers
at that moment, thus causing a temporary reduction in P2P electricity
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Table 5
Impact of uncertainty under different parameters.

𝑀
𝛼∗ 𝛼∗ = 0.90 𝛼∗ = 0.95 𝛼∗ = 0.99

dK L Cost ¥ dK L Cost ¥ dK L Cost ¥
500 0.0272 24 753.55 0.0301 24 866.98 0.0362 25 089.06

1000 0.0136 24 153.61 0.0151 24 226.79 0.0181 24 370.10

2000 0.0068 23 767.27 0.0075 23 815.07 0.0090 23 907.11

5000 0.0027 23 443.71 0.0030 23 472.78 0.0036 23 527.25

10 000 0.0014 23 287.32 0.0015 23 306.93 0.0018 23 344.76
p
I
b

R
a

𝑃

a

e

trading. In terms of P2P carbon emission trading, the quota of CET
ecreases progressively with the increase in 𝛼. This trend indicates that
nhancing the utilization of renewable energy can effectively reduce
gents’ carbon emissions. A compensatory relationship is observed
etween CET and electricity trading, where a decrease in CET quota

corresponds to an increase in electricity trading volume.
For decision-makers in the energy sector, the adoption of the de-

centralized PAC approach for P2P energy trading offers significant
ractical advantages. Implementing this framework can enhance mar-

ket efficiency and equity by leveraging parallel computation, which
ensures faster transaction processing compared to traditional methods
like ADMM. Additionally, the PAC-Private variant provides robust pri-
acy protections for all communication variables, addressing critical
oncerns about data security and fostering greater trust among par-
icipants. This is particularly important in distributed energy markets
here the confidentiality of agents’ data is paramount. Furthermore,
ecision-makers should also note the positive environmental impact, as
he framework supports higher utilization of renewable energy sources,

leading to reduced carbon emissions and aligning with sustainability
goals. By integrating these insights, policymakers and energy managers
can design more resilient, efficient, and secure P2P energy trading
systems that not only lower operational costs but also contribute to
environmental sustainability. Emphasizing the balance between com-
putational efficiency and privacy protection will be key to successfully
deploying decentralized energy markets and achieving broader energy
transition objectives.

7. Conclusion and future work

This research investigate the behavior decision-making, profit distri-
ution, and fully decentralized implementation with privacy protection
f various types of agents participating in P2P electricity and carbon
arkets under the premise of considering the uncertainty of renewable

nergy. Here the following conclusions are drawn:
The extension of market dynamics through cooperative

alliance-based modeling combined with the asymmetric Nash bar-
gaining approach uncovers the fair distribution of transaction
costs of P2P electricity and carbon allowances. Using these models
resulted in a reduction in carbon quota by 3.02 tons and a cost decrease
of 2692.43, demonstrating their efficacy in improving both economic
and environmental performance. These models intricately capture the
cost structures of energy production and trading.

Building upon this foundation, the fully decentralized PAC
algorithm emerges as a scalable solution for optimizing P2P en-
ergy trades without the need for a central supervisor, thereby
afeguarding privacy. In comparison to the widely adopted ADMM
lgorithm, the PAC algorithm reduces computational time by 87.35%,
howcasing significant improvements in convergence speed and effi-
iency. This decentralized approach ensures practical applicability in
eal-world scenarios where data privacy and solving efficiency are
ritical for P2P energy trading.

Furthermore, the integration of uncertainty in distributed gen-
ration is essential for enhancing the absorption of renewable
20 
energy resources and mitigating carbon emissions within P2P
energy trading. Models developed for assessing the uncertainty as-
sociated with renewable energy resources emphasize the importance
of robust probabilistic frameworks to enhance the reliability of energy
trading markets. The approach harnesses KL divergence to effectively
model uncertainty sets, providing a sound basis for decision-making
subject to significant uncertainty factors.

Finally, future work on P2P energy trading should focus on im-
roving the accuracy of renewable energy uncertainty characterization.
ntegrating advanced techniques such as integrated risk measurement-
ased stochastic optimization [65] and info-gap decision theory [66]

into fully decentralized PAC algorithms represents a crucial avenue for
further exploration.
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Appendix A. Convert DRO model to chance-constrained model

The DRO model provides a balanced approach to uncertainty and
conservatism in contrast to the SP and RO models, with a more adaptive
handling of uncertainty. The DRO model for renewable energy output
can be formulated as follows:

inf
∈𝜎

Pr {ℎ(𝜉) ≤ 0} ≥ 1 − 𝛼 (A.1)

The SP model considers the reference probability density of renew-
ble energy, with its formulation presented below:

Pr0{ℎ(𝜉) ≤ 0} ≥ 1 − 𝛼 (A.2)

The RO model optimizes for the worst-case scenario of renewable
nergy sources, with its formulation presented below:

max
𝜉
ℎ(𝜉) ≤ 0 (A.3)
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Fig. 16. Under the variation of reliability levels: (a) P2P electricity transaction volume, (b) CET quotas.

Fig. D.17. PAC-Private convergence of sub-problem P2 (a) RA-1, (b) IA-1, (c) CA-1, (d) RA-2, (e) RA-3, (f) CA-2, (g) RA-4, (h) IA-2, (i) CA-3, (j) RA-5.
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where the 𝜉 is used to denote uncertainty variables across the three
models, This includes wind speed and solar irradiance. The DRO model,
which fuses features of SP and RO, is designed to address the worst-case
scenarios within the probability distribution.

The DRO problem is challenging to handle probabilistic distribution
onstraints. However, when the problem is characterized using KL

divergence, as referenced in [52], the DRO model is transformed into
 conventional chance-constrained model.

Pr0{ℎ(𝜉) ⩽ 0} ⩾ 1 − 𝛼+ (A.4)

Due to the non-convex chance constrained in Eq. (A.4) remaining
challenging to solve, this paper uses an approach to find a convex con-
servative approximation for the optimization problem. The following
equivalent transformation is applied to Eq. (A.4):

Pr0{ℎ(𝜉) > 0} = 𝐸𝑃0(𝐼+(ℎ(𝜉))) ⩽ 𝛼+ (A.5)

𝐼+ (𝑥) =

{

1 𝑥 > 0
0 𝑥 ⩽ 0

(A.6)

The expression is approximated by introducing a convex function 𝜓(𝑥)
to replace 𝐼+ (𝑥), thereby scaling the expression.

𝜓(𝑥) = max {0, 𝑥∕𝛽 + 1} (A.7)

𝐸
𝑃0
(𝐼+(ℎ(𝜉))) ⩽ 𝐸

𝑃0
(𝜓(ℎ(𝜉))) ⩽ 𝛼

+
(A.8)

In the subsequent steps, the SAA method is utilized to solve the ex-
pected value term of Eq. (A.8). Assuming the 𝑛th sample 𝜉𝑛 has a
robability of 𝜋𝑛, the expected value of Eq. (A.8) is determined as

follows:
∑

𝑛
𝜋𝑛max

{

0, ℎ(𝜉𝑛)∕𝛽 + 1} ⩽ 𝛼+ ∀𝑛 (A.9)

where the introduction of the auxiliary variable 𝜙𝑛 serves to completely
ransform the derived DRO model into the following linear DRCC
odel:

ℎ(𝜉n) + 𝛽 ≤ 𝜙𝑛, 𝜙𝑛 ≥ 0

𝑛 𝜋𝑛𝜙𝑛 ≤ 𝛽 𝛼+, 𝛽 > 0
∀𝑛 (A.10)

The SP model can be transformed into the following linear model:
ℎ(𝜉n) + 𝛽 ≤ 𝜙𝑛, 𝜙𝑛 ≥ 0

𝑛 𝜋𝑛𝜙𝑛 ≤ 𝛽 𝛼 , 𝛽 > 0
∀𝑛 (A.11)

Appendix B. Algorithm for constructing multi-state probability
odels using latin hypercube sampling

See Algorithm 2.

Appendix C. ADMM algorithm based on atomization framework
or distributed optimization

In Refs. [27,67], a ADMM algorithm based on atomization frame-
work is formed, and its formula is as follows

𝑎𝑗 [𝜏 + 1] = ar gmin

⎧

⎪

⎨

⎪

⎩

𝐿𝑗 (𝑎𝑗 , 𝜇𝑗 [𝜏], 𝜈[𝜏]) + 𝜌
2
‖

‖

‖

G𝑗𝑎𝑗 − b𝑗‖‖
‖

2

2

+ 𝜌
2
‖

‖

‖

B𝑇 𝑗 (𝑎𝑗 − 𝑎𝑗 [𝜏] +𝑤[𝜏])‖‖
‖

2

2

⎫

⎪

⎬

⎪

⎭

∀𝑗 ∈ 𝐼 ∪𝐾

(C.1)

where communicate 𝑎𝑗 for all 𝑗 ∈ 𝐼 ∪𝐾
𝜇𝑗 [𝜏 + 1] = 𝜇𝑗 [𝜏] + 𝜌(G𝑗𝑎𝑗 [𝜏 + 1] − b𝑗 ) ∀𝑗 ∈ 𝐼 ∪𝐾 (C.2)
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Algorithm 2 Multi-State Probability Model
1: Start
2: Initialization:

Set the calculation precision, initial number of cluster centers 𝑁c, max
probability models 𝑁max, probability models 𝑁p = 1

3: Generate Sample
Generate samples based on the Latin Hypercube Sampling method.

4: Model Setup:
5: while The new curve is not the same as the cluster center do

Determine the cluster centers for the wind speed and irradiance curve
states according to 𝑙1 ′ = 𝑙max, 𝑙2 ′ = 𝑙min, 𝑙𝑎 ′ = 𝑙𝑒, 𝑎 = 3,… , 𝑁c, 𝑒 = 1,… , 𝑁c − 2

6: Calculate the distance from each sample to the cluster centers using

𝑑𝑏,𝑎 =
√

∑

𝑡
(𝑙𝑏,𝑡 − 𝑙𝑎,𝑡

′ )2

7: Assign samples to the nearest cluster center Update the cluster centers
by calculating the average output of each class

8: end while
9: Generate Multi-State Probability Model:
0: Calculate state probabilities and construct the model.
1: Evaluate and Iterate:
2: Compute maximum error. If within limits, End Algorithm. Otherwise,
3: Increment 𝑁p if 𝑁p < 𝑁max, or reset 𝑁p to 1 and increment 𝑁c, then

repeat from Step 4.

𝑤𝑗 [𝜏 + 1] =
(

1
1 + 𝑑𝑗

)

B𝑂 𝑗𝑎[𝜏 + 1] ∀𝑗 ∈ 𝐼 ∪𝐾 (C.3)

where communicate 𝑤𝑗 [𝜏 + 1] for all 𝑗 ∈ 𝐼 ∪𝐾

𝜈𝑗 [𝜏 + 1] = 𝜈𝑗 [𝜏] + 𝜌𝑤𝑗 [𝜏 + 1] ∀𝑗 ∈ 𝐼 ∪𝐾 (C.4)

where 𝑑𝑗 ≜ |𝑁𝑗 | represents the in-degree of atom-j in the directed graph
described by the incidence matrix B.

Appendix D. PAC convergence plots for sub-problem P2 analysis

See Fig. D.17.

Data availability

Data will be made available on request.
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