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Data-driven Peer-to-peer Energy Trading Based on
Prosumer-driven Carbon-aware Distribution
Locational Marginal Price

Xingyu Liu, Yunting Yao, Tianran Li, Yening Lai, Qi Wang, and Zhenya Ji

Abstract—Peer-to-peer (P2P) energy trading enables an effi-
cient regulation of distributed renewable energy among prosum-
ers, implicitly promoting low-carbon operation. This study pro-
poses a novel P2P energy trading scheme with coupled electrici-
ty-carbon (E/C) market that co-optimizes both power and car-
bon emission flows. To facilitate the low-carbon operations in
the market, we introduce a prosumer-driven carbon-aware dis-
tribution locational marginal price (PDC-DLMP) to serve as a
pricing signal for the distribution system operator (DSO). To ef-
ficiently determine the optimal trading solutions, we adopt a
two-layer data-driven approach. The first layer employs a rein-
forcement learning algorithm named multi-agent twin-delayed
deep deterministic policy gradient (MATD3); the second layer
uses a deep neural network (DNN) driven surrogate model,
which is designed to map the PDC-DLMP signals, thereby elimi-
nating the need for direct DSO intervention during market op-
eration. This approach protects the physical model parameters
of the distribution network and ensures multi-level privacy pro-
tection. Simulation results validate the effectiveness of the pro-
posed P2P energy trading scheme with coupled E/C market,
demonstrating its ability to achieve both reduced carbon emis-
sions and lower operational costs for microgrid prosumers.

Index Terms—Peer-to-peer (P2P) energy trading, electricity
market, carbon market, distribution locational marginal price,
reinforcement learning, deep neural network (DNN), surrogate
model.

NOMENCLATURE
A. Sets and Indices
L Set of all lines connected to node n
D, Set of load nodes

D6 Set of network nodes where microgrid (MG)

attaches
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Index and set of thermal generators

Index of nodes where generator g attaches
Index and set of MG prosumers

Index of neurons in deep neural network
(DNN)

Index of power network lines

Indices of originating- and receiving-end
nodes of line /

Set of power network lines that flow into and
out of nodes

Index and set of power network nodes
Index of samples in DNN
Index and set of time periods

Clipped Gaussian noise
Nodal carbon emission marginal price
Distribution locational marginal price (DLMP)

Predicted price signal of sample s in DNN at
time ¢

Electricity purchasing and selling prices in
peer-to-grid (P2G) market at time ¢

External carbon emission price at time ¢
Electricity purchasing price from grid at time ¢

Electricity purchasing and selling prices in
peer-to-peer (P2P) market at time ¢

Network usage charge

Prosumer-driven carbon-aware distribution lo-
cational marginal price (PDC-DLMP) of node
n at time ¢

Set of decision variables for distributed re-
sources in power network

Squared current flow of line / and squared
nodal voltage magnitude of node # at time ¢

Charging and discharging action space of bat-
tery of MG i at time ¢

Set of individual actions in partially observ-
able Markov game (POMG) of MG i

Set of decision variables related to carbon flow
Operational cost of MG i at time ¢
Generation cost of distributed diesel generator
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C. Parameters
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in MG i at time ¢

Transaction cost in P2G market of MG i at
time ¢

Carbon emission cost of MG i at time ¢

Transaction cost in P2P market of MG i at
time ¢

Carbon emission intensity of battery at time ¢
Carbon emission intensities of node and line

Set of decision variables related to power flow
in power network

Input layer activation for sample s in DNN

Set of individual observations in POMG

State of global observation

Charging and discharging power of battery at
time ¢

Output of distributed diesel generators at time
t

Output of renewable energy generators at time
t

Active and reactive power flows of line / at
time ¢

Electricity purchased from power network at
time ¢

Total power flow inflow of node # at time ¢
Net load of node » at time ¢

Output of loads at time ¢

Total carbon emission of node 7 at time ¢

Total carbon emission accompanying active
power flow of line / at time ¢

Total carbon emission inflow of node n at
time ¢

Total carbon emissions of generator and load
Total carbon emission of battery

Set of individual rewards in POMG

Energy storage state of battery at time #
Target value in critic network

Cleared transaction energy between MG i and
MG/ at time ¢

Vector of cleared transaction energies of MG i
at time ¢

Vector of trading energies of MG i at time ¢
Output layer activation for sample s in DNN

Step size of updates for O-function
Discount factor in POMG

Length of each time slot

DNN parameter for surrogate model
Soft update parameter in target network

Linear relationship coefficient assigned to neu-
ron k for feature j in DNN

Cost coefficients of distributed diesel genera-
tors

b, Bias coefficient assigned to neuron & in DNN

B Size of mini-batch used for updating policy
network

B,.G, Susceptance and conductance of node n

e Carbon emission intensity of generators

M Episode of training process repeated

Ny Number of training samples in DNN

prove Probability of state transition in POMG

P; The maximum charging/discharging value of
battery i

T, X, Resistance and reactance of line /

S, Complex power of line /

m, Q Upper and lower bounds

D. Functions

EQ) Function of electricity cost

C() Function of carbon emission cost

Cen©) Function of carbon emission flow (CEF) con-

straints

Cp, () Function of CEF balance equations
P, () Function of power flow constraints
P, () Function of power flow balance equations

1. INTRODUCTION

XCESSIVE carbon emissions have led to increasingly

obvious climate change. Currently, 40% of the global
carbon emissions originate from fossil fuel combustion dur-
ing power production [1]. To mitigate these environmental
challenges, decarbonizing the energy supply side has become
an urgent task. Policymakers are actively encouraging the in-
tegration of distributed energy resources (DERs) into distri-
bution systems and promoting their participation in electrici-
ty markets [2]. Advancements in smart grid technologies
have enabled third-party entities to produce and store elec-
tricity locally using DERs and batteries, giving rise to the
concept of prosumers, i.e., consumers who also produce elec-
tricity [3]. Among these, microgrids (MGs) have emerged as
key players, which can aggregate renewable energy and par-
ticipate in electricity markets as prosumers [4]. To achieve
the low-carbon operation of power system, it is crucial to in-
corporate carbon policies into decision-making and enhance
the utilization of DERs during power dispatch optimization.
These efforts support the transition to a more sustainable
and efficient energy ecosystem.

The market mechanism for coupled electricity-carbon (E/
C) operations is an effective approach for integrating carbon
policies and promoting decarbonization among prosumers.
Reference [3] developed a blockchain-based trading frame-
work that integrates energy and carbon markets, facilitating
the exchange of energy and carbon quotas among MGs. Ref-
erence [5] proposed an energy trading mechanism for E/C
co-optimization based on carbon quotas, specifically target-
ing building communities. Reference [6] introduced a com-
bined operating mechanism for distributed photovoltaics
(PVs) and carbon markets, leveraging blockchain technology
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[6]. However, the conventional studies have primarily fo-
cused on “observed” emissions, mostly considering the inter-
actions between the electricity and carbon markets from the
generation side [7], [8].

Existing solutions that focus solely on the generation side
fail to adequately capture the dual effects of carbon emis-
sions from both the supply and demand sides [9]. This often
results in an increased economic burden on the supply side
due to marginal carbon emissions and leads to misaligned in-
centives [8], [10]. To address this, [11] introduced the con-
cept of carbon emission flow (CEF) to clarify the carbon
emission responsibilities of both sides. Building on the CEF
model, [8] designed a coupled E/C market that incorporates
the demand side. In addition, [7] developed an integrated
pricing model for carbon emissions in multi-energy systems,
and [12] employed the carbon-integrated distribution loca-
tional marginal price (DLMP) at the distribution network lev-
el to guide low-carbon operations of electric ships [12].
However, these studies do not account for the application of
the CEF model to prosumers or provide dispatch price sig-
nals tailored to their specific E/C coupling.

Although the CEF-based coupled E/C market captures car-
bon emission responsibilities more effectively and promotes
low-carbon operation within the energy system, the increas-
ing penetration of distributed renewable energy into distribu-
tion networks necessitates more flexible trading methods to
enhance its utilization [13]. Peer-to-peer (P2P) energy trad-
ing, as an emerging energy management approach, offers
greater scheduling flexibility for DERs among prosumers
[14]. Conventional optimization methods for P2P energy
trading can be categorized into four types: game theory [15],
[16], auction theory [17], constrained optimization [18], and
blockchain [19]. As model-based methods, they face two
main challenges: (D some optimization methods, such as
mixed-integer linear programming (MILP), assume linear re-
lationships among variables [20], whereas the alternating di-
rection method of multipliers (ADMM) assumes regulariza-
tion and convexity, leading to slow consensus convergence
[21]; and @ due to the stochastic nature of renewable ener-
gy generation, load consumption, and distribution network
constraints [22], along with the prosumer trading and the in-
troduction of CEF coupling concept [10], the nonlinearity
and non-convexity of P2P energy trading problems are signif-
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icantly heightened, rendering them intractable.

Deep reinforcement learning (DRL) is an alternative ap-
proach for addressing these challenges [23]. By combining
deep learning with reinforcement learning, DRL offers
strong exploration capabilities and model-free characteristics,
making it an increasingly powerful tool for solving P2P ener-
gy trading problems [24], [25]. In [26], the deep Q-learning
is employed to tackle electricity market trading, whereas in
[27] and [28], the multi-agent deep deterministic policy gra-
dient (MADDPG) algorithm is used to demonstrate its poten-
tial for approaching the optimal decision-making in highly
dynamic P2P energy trading markets, where trading strate-
gies remain undisclosed and privacy is preserved. However,
both the deep Q-learning and DDPG suffer from two key
limitations: (D they struggle to perform effectively in envi-
ronments with a large number of actions in a continuous ac-
tion space; and @ they tend to overestimate Q-values,
which might lead to sub-optimal decision-making and unsta-
ble performance in real-world applications [29]. In addition,
in multi-agent energy trading environments, these methods
are typically implemented within a centralized training and
decentralized execution (CTDE) framework. Although this
framework improves the training stability even in the face of
continuous and dynamic actions from the agents, it requires
access to a precise physical model of the distribution net-
work during the training phase. This introduces several is-
sues: (D exposure of the sensitive physical model parameters
of the distribution network; (2 increased computational bur-
den for the distribution system operator (DSO) during train-
ing; and (3 deviation from the original intent of model-free
problem-solving [30].

In summary, this paper narrows three critical research
gaps that require urgent attention by: (D designing an eco-
nomic incentive price signal based on the CEF theory that
accommodates prosumers, which could effectively guide low-
carbon operations; (2) developing an appropriate P2P energy
trading scheme with coupled E/C market and employing
more suitable techniques to clear coupled E/C trading be-
tween prosumers; and (3) addressing the issue of exposing
actual parameters during the training of distribution network
models. Table I summarizes the key differences of technical
features between this paper and previous research.

TABLE I
COMPARATIVE TECHNICAL FEATURES OF DIFFERENT STUDIES

Reference Network constraint P2P energy trading Carbon tracing for prosumers Optimization method
[3] N N X Blockchain
(7], [8] N x N Fixed-point iteration
[13] N N X Distributed optimization
[15] N N x Game theory
[51, [22] x J x Multi-agent DRL (MADRL)
[12] N x J Distributed optimization
[31] N x N MADRL
[10] N v N Distributed optimization
This paper v J J MADRL + surrogate model

Note: “V* denotes consideration of the factor; “x” denotes non-consideration of the factor.
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The main contributions of this study are as follows.

1) We first propose a carbon-aware optimal power flow
(C-OPF) model integrated with CEF theory. Using this mod-
el, we introduce a decomposable prosumer-driven carbon-
aware distribution locational marginal price (PDC-DLMP) at
the DSO level. The DSO utilizes this price signal to guide
the low-carbon operation of MG prosumers.

2) We develop a P2P energy trading scheme with coupled
E/C market based on the PDC-DLMP signal, which effec-
tively clarifies the economic responsibility of network usage
and excessive carbon emissions, providing a more flexible
dispatching space for DERs in distribution networks. To ad-
dress these highly non-convex and nonlinear challenges, we
employ a multi-agent twin-delayed deep deterministic policy
gradient (MATD3) algorithm from MADRL.

3) To protect the model parameters of distribution network
during the centralized training process of DRL, we propose
a two-layer data-driven approach. The first layer employs
the MATD3 algorithm for the optimal P2P energy trading,
and the second layer utilizes a deep neural network (DNN)
based surrogate model to map the PDC-DLMP signal. This
approach ensures that the model parameters of distribution
network remain private, thereby facilitating secure interac-
tions with third-party agents.

The remainder of this paper is organized as follows. Sec-
tion II provides an overview of the system framework. Sec-
tion III presents the proposed system model, which introduc-
es the C-OPF model to derive the PDC-DLMP signal for the
DSO and develops a P2P energy trading scheme with cou-
pled E/C market based on this signal. Section IV introduces
the two-layer data-driven approach. Section V presents case
simulation studies. Section VI concludes this study.

II. SYSTEM FRAMEWORK ESTABLISHMENT

As shown in Fig. 1, the framework of the proposed P2P
energy trading scheme with coupled E/C market consists of
three layers, which are briefly described as follows.

1) Physical layer: this layer is composed of multiple MG
prosumers and the point of common coupling (PCC) connect-
ing the MGs. Each MG prosumer includes distributed renew-
able energy generators, distributed diesel generators, batter-
ies, and loads. In addition, CEFs interact between each MG
prosumer and the distribution network via the PCC.

2) Market layer: this layer includes the P2P energy trading
market with coupled E/C market and the peer-to-grid (P2G)
market. MG prosumers first engage in the P2P market,
where surplus energy is cleared in the P2G market. The
DSO reflects the information of coupled E/C market and net-
work operation through price signals with E/C coupling.

3) Coordination strategy layer: coordination strategies are
implemented using data-driven DNN and MATD3 algo-
rithms. The DSO pretrains a surrogate model, which is then
distributed to local agents to generate PDC-DLMP signals.
Each MG prosumer is modeled as an RL agent and trained
using an embedded surrogate model to achieve the optimal
trading solutions.
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Fig. 1. Framework of proposed P2P energy trading scheme with coupled E/
C market.

III. SYSTEM MODELING
A. CEF Model

Under the concept of CEF, the carbon emissions from
power generators are treated as “virtual” emission flow,
which runs parallel to the physical power flow, as shown in
Fig. 2. These “virtual” emission flows are injected into the
power network at the generator node and transported to end
users through the power system [32]. To quantify and ana-
lyze this type of “virtual” emission flow, a CEF model [11]
based on the conservation law of carbon mass (CLCM) and
the proportional sharing principle (PSP) is used, and thus the
distribution of carbon emissions across the network can be
tracked. The DSO can then charge third-party entities for
their carbon emissions based on the cleared carbon emis-
sions. In the CEF model, the carbon emission intensity is a
critical indicator for quantitatively analyzing carbon emis-
sions in a network, describing carbon emissions coupled
with each unit of power flow [33].
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Fig. 2. Illustration of CEF and physical power flow.
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According to [11], the carbon emission intensity of any
node in the distribution network depends on two factors: (D
the incoming CEF from the connected lines; and (2) the pow-
er flow injected into the node. The carbon emission intensity
of line in the network is equal to that of the node from
which the line originates.

The carbon emission intensity of node can be expressed

as:
Rin 2 (sz_rlal,teiz) + (Z(D R;n),t
N nt leL; gne @,
enﬂ,:fZ B G vn’Vt (1)
Pr’:’t z (Pl,t_rlal,r) + z Pg(n)-t

lelL, gne @,

The carbon emission intensity of line can be expressed as:
el=e, VnvtVviel, ?)

Different operating states of energy storage devices like
battery result in varying carbon emissions. In the discharging
state, the batteries are treated as generators and their carbon
emission intensity remains constant. In the charging state,
they are treated as loads that absorb power from the distribu-
tion network and their carbon emission intensity increases,
which is continuously updated based on the carbon intensity
of the absorbed electricity [31]. The carbon emission intensi-
ty of battery e/, can be updated by:
eI SOCH 1)\ PHCCH AL

SOCHC + prccilyy

BAC __
Lt+1 7

e vn, Vi, Vie @y, (3)

Based on the effects of batteries on MG prosumers, the
carbon emission intensity of node in CEF model can be re-

formulated as:

BAC
it

z (P},—ra,)e;,+Pie’+Pl e

Lt~
N leL)

- B RES G BAC,DC
E(Pl,t_rlal,t) +Pi,t +Pi,t+Pi.t

leL;

n,t

vn,Vt,Vie @) 4)

B. C-OPF Model

We then construct the C-OPF model as a market clearing
strategy based on the CEF theory. The general compact form
of the C-OPF model is given by [32]:

min (E(C.f )+ C(& [ ) (5a)
s.t.
P (&)=0 (5b)
P, (ES)<0 (5¢)
Cr (Ef0)=0 (5d)
Ceon(Ef0)<0 (5¢)

In a distribution network, E(-) can be expressed as the cost
of network losses or that of purchasing electricity from a
higher-level grid. In this paper, the objective function of the
C-OPF model in (6a) includes the costs of carbon emission
charged by the DSO to each node as well as the cost of pur-
chasing electricity from the higher-level grid. The equations
and constraints for the power flow in a distribution network
are similar to those in [34]. The nonlinear problems for pow-
er flow calculations in the distribution network are addressed
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using second-order cone relaxation, as shown in (6b)- (6l).
The constraints for carbon flow are expressed as (6m)
and (6n).

min| > AR, At+AFPPEY AL Yn, Vi (62)
neN
> Ph= > (Pl-ra,) —Pl+G,yv, =02, VnVi (6b)

leL, leL)

z th - z (th_xlal,r) +ann,r:O:/un,r Vn, Vt (6C)

leL, leL;
(PLY+Q1)<S/my, VIVt

B 2 B 2 Q2. -
(P —ra,) +Q),—xa,)<Sn,

(6d)

(6¢)
v, =2, Pl x, Q0 ) a, (P +x])=v, fa,, VLV (6)

VIVt

B \2 B \2
Pu) +@u) at,(Q“) <v, B YLV (6g)
V <v, v, YnVt (6h)
v, <V.iyh, VnVt (61)
9, 50,5 Di Ve, Vn Vi (6)
Pl =P Nned, Vit (6k)
Pr=P i+ PO =P = PP =PI Vne @6,V
(61)
% 2 ej,a, -+ %Pi”[”deﬁftmélém: Pk Yne ®,,Vt (6m)

leLl)

1 U ot opacc
5 2 ei,a“rﬁ Z(Prf.(;a +Pr€/tm‘CH)+
lel,;
1 ~
5 (Plei+ PIC el ISR, : 9}

nt-n

Vned,,.Vt (6n)

where the dual variables 4, i, , #» Ni» O Bio Vue Vuso
Vo 920 and @) are associated with constraints (6b)-(6j),
(6m), and (6n), respectively. The left-hand sides of (6m) and
(6n) represent the equivalent carbon emissions of nodes,
which include the carbon emissions from power generation
and load consumption at the nodes as well as the cumulative
carbon emissions from network losses on all adjacent lines.

The CEF model assumptions state that the power emitted
by all DERs in the distribution network along with the car-
bon emissions is transmitted through the network and ulti-
mately absorbed by the loads. Therefore, this study assumes
that both generators and consumers share equal responsibili-
ties for carbon emissions by multiplying the equivalent car-
bon emissions from power generation and load consumption
at all nodes by a factor of 1/2. Notably, for regular load
nodes, only the equivalent carbon emissions from load ab-
sorption must be calculated; whereas for MG prosumers, all
carbon emissions resulting from both power generation and
load consumption must be considered.

C. Pricing for P2P Energy Trading with Coupled E/C Mar-
ket Based on PDC-DLMP

In the proposed market framework, DSOs are tasked not
only with ensuring the safe and stable operation of the pow-
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er network but also with developing appropriate price sig-
nals to facilitate market transactions in the coupled E/C mar-
ket. Inspired by [10] and [35], this study introduces the con-
cept of PDC-DLMP signals based on the C-OPF model as
an incentive for MG prosumers with both carbon and net-
work awareness. In addition, the coupled E/C market en-
ables a reasonable collection of network usage charge
(NUC) and carbon emission costs through PDC-DLMP sig-
nals. The PDC-DLMP 277" ig expressed as:

ApPCPIMEZJF +2¢, VneN,Vi

@

26, = lefZ,goM?At Vned,,, Vit (8)

nt— 2 n
1) NUC
NUC is a price signal provided by the DSO to guide buy-
ers and sellers to comply with the constraints of a distribu-
tion network [36]. From (7) and (8), it is evident that the
PDC-DLMP is an extension of the DLMP. Therefore, the
NUC between buyer agent i and seller agent j derived from
PDC-DLMP is expressed as:

E E

A= ‘2" Vij e @y ©)
2) P2P and P2G Energy Trading Prices
In the P2G market, MGs typically pay higher prices when
purchasing electricity from distribution networks than those
that MGs receive when selling electricity back to the net-
work. The initial settings for the trading prices of P2P ener-
gy and wholesale electricity market must satisfy the follow-
ing constraint:
W< QPP P < Q8 = )8 (10)
This constraint ensures that energy trading in the P2P mar-
ket is more advantageous than that in the wholesale electrici-
ty market, thus prioritizing the clearing of P2P energy trad-
ing. Note that the NUC can be utilized to facilitate P2P ener-
gy trading while ensuring the distribution network security

and reflecting the trading preferences of neighboring nodes.
Therefore, (10) can be modified as:
Q8 < QPP NUC < Q2P 4 JNVC < 8 (11)
Under the joint incentives of market trading prices, NUC,
and nodal carbon emission marginal prices i;, MG opera-
tors can adjust their energy dispatch strategies to increase
the share of cheaper and cleaner energy purchased in the
P2P market. This not only reduces operating costs but also
helps meet the DSO requirements for grid stability, safe op-
eration, and carbon reduction goals.

D. Modeling for Batteries

The modeling of battery in MG prosumers is expressed as:

SOCH =SOCHC + PHECHAL_ PGP (129)
SOC*<50C? < 50C, " (12b)

0 < pacci ¢ paac.c (12¢)

0 SP?;IC’DCSP[%’C’DC (12(1)

Equation (12a) is used to update the state of charge
(SOC) of battery. Constraint (12b) indicates that the remain-
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ing SOC after charging/discharging should be within the lim-
its of SOC, and (12¢) and (12d) restrict the charging and dis-
charging power of battery, respectively.

E. Peer Matching Method for Proposed P2P Energy Trad-
ing Scheme with Coupled E/C Market

Prior to initiating a transaction, all MGs in the distribution
network will predefine their trading strategies to identify po-
tential transactions in the P2P market. Define y!’ as initial
trading energy between MG i and MG j: when 3%/ >0, MG i
intends to buy electricity from MG j, and when y*/ <0, MG i
intends to sell electricity to MG j. The vector of trading ener-
gies for MG i with other MGs is defined as:

yi:[yi‘l,yi‘z, s eV, ...,yi’l] Vije Dy, i#j
13)
Since initial trading intentions of each market participant
(i.e., MQG) are self-determined, the challenges arise when de-
cisions involve another MG, especially when both are poten-
tial buyers or sellers. This makes it difficult to match transac-
tions. The cleared trading strategy is then calculated as:

Li—=1 _ii+1

SRS TENES ¢

iLj S*i,j
‘f’_ |7_l,y %) (14)
=y
0 yi'yi’20
ij_ i.j o . L
L min (] |p]) ppe<o (09

t

F. Power Balancing

At time ¢, each MG must balance its power generation
and power consumption. We define y*’ and x*' as the expect-
ed and cleared trading energies of MG i in the P2G at time
t, respectively, where positive and negative values indicate
the purchasing electricity from and selling electricity to the
distribution network, respectively. The vectors of expected
and cleared trading energies of MG i are then updated as:

yi=l sy ] (16)
xi=[att Xt X X (17)
The trading strategies should satisfy the power balance as:
. 1
Po+ PR+ PRy zx”’ (t) =P+ szfC’CH
Vije Dy, i#j (18)

At time ¢, each MG independently determines its trading
list based on (18). The P2P energy trading mechanism up-
dates the trading volume according to the cleared trading
strategy in (14) and (15). Finally, the variable x}' is used to
adjust the trading power between the MG and distribution
network.

G. Objective Function

The operational cost of each MG C{;*" should be mini-
mized over a dispatch cycle (24 hours), which includes the
power generation cost of MG C/’, market transaction costs
of MG in the P2G market C;7° and P2P market C/?*, and

it

carbon emission cost C™ depending on the power flow:
CM=Cll+ClIo+ClPP+ C™ Vie D5Vt (19a)
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Cli=ay(P5Y +b Py, Vie ®,; Vit

P2G __ i grid grzd
C..7=x, A I(x <0) -

(19b)

( (x> 0) ) VZ € ¢MG7Vt (19C)

Cl = > 5t U O+ 2 = ) O = 2)7N]

Vije @y i#j, Ve (19d)
Ccarbon (PLuad+PBAC CII+PG +PBACDC)/'{
n,t
Vn e N,Vie &, Vt (19¢)

IV. PROPOSED TWO-LAYER DATA-DRIVEN APPROACH

To address the highly nonlinear and nonconvex nature of
the model proposed in (1)-(19) and to efficiently solve the
optimization problem, we employ a two-layer data-driven ap-
proach: DRL algorithm embedded with a DNN-based surro-
gate model.

A. DNN-based Surrogate Model

A DNN-based surrogate model is used to map the price
signals governing the trading in coupled E/C market, specifi-
cally addressing the optimization problem represented by (1)-
(9). Using a DNN to construct the surrogate model offers
two main advantages.

1) A DNN demonstrates stronger generalization capabili-
ties and higher computational efficiency.

2) When the DNN is trained with a large amount of ran-
domly generated energy interaction data and price signals
calculated from the C-OPF model, the DSO can protect its
power network information, as the parameters of distribution
network model remain undisclosed.

1) Framework of DNNs

DNNs are artificial neural network (NN) models consist-
ing of multiple hidden layers. Compared with conventional
shallow NNs, DNNs have more hidden layers between the
input and output layers. The input and output layers are relat-
ed by the following mapping:

z0= zhw 01 b

(20)
Equation (20) represents a linear relationship within the /™
hidden layer. The input to each layer in the DNN is obtained
by weighting and summing the output from the previous lay-
er according to the mapping relationship.
2) DNN Training Algorithm
In a DNN, both the linear relationship and bias coeffi-
cients are network parameters that must be optimized. A
back propagation algorithm is then applied to optimize these
parameters by minimizing the loss function, using the mean
square error (MSE):
2y

DNN )

Z(AE/C* lf/tc 2

B. MADRL Algorithm

We model the proposed P2P energy trading scheme with
coupled E/C market discussed in Section III as a partially ob-
servable Markov game (POMG). The MATD3 algorithm is
then applied to explore the optimal strategies for each partici-
pant and solve the proposed problem.
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1) Formulation of POMG

The POMG is a natural extension of the partially observ-
able Markov decision process (POMDP). POMG is defined
as POMG(N, Og,u,,a,,A,.,OI.,PPOMG,R,.,;)). The goal of each
agent 7 is to maximize the cumulative discounted reward.

The components of POMG are described as follows.

1) Observation

The observation of each agent i is expressed as:

Oi,t:{PRFS PLoad SOC Pzry /11" ACI} Vn,ViecD”MG

Lt Lt it (22)

As no MG can accurately obtain load fluctuation curves
for renewable energy, to achieve better generalization capa-
bilities and handle uncertainties, the symbol “*” in the obser-
vation space denotes Gaussian noise, which serves as a
means of incorporating uncertainty-aware training, helping
the model better generalize and adapt to the inherent unpre-
dictability of renewable energy sources.

2) Action

The action of each agent 7 at time ¢ is expressed as:

a;, ={P{.a;;".y;} (23)

This study constructs a safety model in the environment
to constrain actions a7<*. This modeling approach replaces
the use of penalty functions to punish actions that exceed ca-
pacity limits, allowing the agent to make better choices dur-
ing exploration and thus reducing operational costs. We re-
formulate the charging and discharging power of batteries
PHCT and PHCPC as:

soc.—soc. \|
Pl = [mln(a”e“Pev A B ” (24)

(25)

PBAC‘DC [max (aBexs Pev SOCz — SOCi.t ):|_
o At

The intended charging/discharging output of the battery
B"“P may cause the SOC to violate its capacity limits
when SOC,,_ 1+aBe“P < SOC, in the discharging state or
SOC,,_ 1+aBe”P > SOC,; in the charging state. To address
this issue, we compare aB"“va with the remaining current
capacity. If aB"”P causes the SOC to violate its capacity

limits, we directly replace it with the remaining SOC. Under
this clip restriction technique, the behavior of battery is safe
for maintaining a feasible SOC.

3) Reward
The reward of each agent i at time ¢ is expressed as:
ry==Ci" (26)
2) TD3

TD3 is a model-free and off-policy actor-critic algorithm
that leverages DNNs to learn policies in high-dimensional
continuous state-action spaces [37]. It is an extension of the
DDPG, which improves the training stability using twin crit-
ic networks and a drift correction mechanism, optimizing the
overall performance through appropriate parameter updates.

DDPG is a reinforcement learning algorithm designed to
solve MDP problems with continuous action spaces [38].
The chief purpose of the DDPG is to parameterize the poli-
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cy and value functions by approximating them using NN.
The critic network is represented by the Q-function, of
which the update formula is expressed as:
Q(St’ at)<_ Q(S[’ a[ )+ a(rl+1 + y max Q(St+l’ at+1 )_ Q(St’ at))
(27)
The update formula for the value function network is ex-
pressed as:

1 B
Lo = EE(Q@ (s.a)=W') (28)
i=1
The parameters of the policy network ¢ are updated as fol-
lows. First, we compute the policy gradient, and then we up-
date the policy network using gradient ascent.

1 B
V{é‘]z EZ(VGQ(S’ a)|s:o‘,a:7[¢’(x)v¢ﬂ'-¢ (S)‘S:Ol ) (29)
i=1

W=r+y0'(s;1:a,,1) (30)

However, the DDPG often suffers from Q-value overesti-
mation, which can result in suboptimal decisions and unsta-
ble performance in real-world applications. In TD3, the crit-
ic consists of two QO-networks (Q, and Q,,) and their target
networks (Qy, and Qy,), while the actor is formed by a deter-
ministic policy network 7z, and its target network m,. The
TD3 addresses this issue by using twin critic networks to
evaluate the performance of the current policy and one of

1843

the critic networks is taken as the target for computing ac-
tion gradients, thereby reducing the estimation error. In TD3,
the target values are updated using two critic networks:

WF’”;"‘V{E}_I} Q;i(snlvawl)

€2))

3) MATD3 Algorithm

Based on the proposed framework, the coupled E/C mar-
ket involving MG prosumers is modeled as a multi-agent
system. To facilitate convergence to a stable policy while
safeguarding the privacy of agents, we employ a CTDE ap-
proach. The centralized QO-value function is updated by:

‘C(e; )= Eo,,a,,r,,a,ﬂ ((QH, (0 1Leosee ON,I’ al,t’ T aN,t )_yi )2 ) (32)
The target function is updated by:

w, :’"i,t"'}’jren{li’%ng (T ON,t’al.Hl? ol i) (33)

The action function is updated by:

4y =7y (0,)+E E~clipN(0,67 ), —c,.c;) (34)
The gradient of policy network can be written as:
Vi J=B, [V, (011 s0np @i ooy Voo amrn, 0,
V5 ©0)0,0,] (39

4) Training and Implementation of Two-layer Data-driven
Approach

Figure 3 illustrates the information flow of the proposed
two-layer data-driven approach.

: Actor of MG i |
| Deterministic policy ‘ Critic of MG 7
N(O,57) | gradient update | | TD error |
\
y /L |74 (0;,) | ! Action gratitude - -
O | Actor NN | \*—{ Critic NN 1 | | Critic NN 2 |
\ -
‘ l | Ty, (01 | 41 I l
o [ | Target NN | : | - | Target NN 1 | | Target NN 2 |
Pll ’al ess _ B
o : &=clip(N'(0,57),~¢;c) — |
) | \
B N
P2P trading market | ————(%) UI-I
@D
E ,C
a, pi;w/'h'w’ P,‘Z{md Aot Pt oot but
" eplay buffer
,,,,,, 5 O,Ci’ﬁpi’ N (0> @y, 1y, 07)
| Surrogate model —
: Environment | a
| 2 |
| MGS5 Power |
\ l I network | PS, p[":"’
| o . 1 |
\ MGl MG2 MG3' MG4 | (0,a,r,0,)

Fig. 3. Information flow of proposed two-layer data-driven approach.

First, the parameters !’ and b} of DNN-driven surrogate

model are initialized, and then they are updated via (21).
The reinforcement learning parameters and the replay buffer
of the NN are also initialized. For each MG, it receives its
observation o,,, including price signals 1., and AS, provided
by the surrogate model, and then selects generator actions
P{, battery actions a’¢*, and P2P energy trading actions y/

based on its observation and policy z,. In the P2P energy

trading stage, MG i must negotiate with other MGs in the
environment to obtain the cleared energy transaction x..
Then, x| is used to operate MG i in the energy conversion
stage. MG i receives the reward r;, and the next state obser-
vation o,,,, is calculated based on the surrogate model. Fi-
nally, all observations, actions, rewards, and transitions to
the next stage of each MG (0,.a,.r,,0]) are stored in the re-
play buffer 2. For centralized training, each MG will ran-
domly sample a small batch of data (0,,a,.r,,0;) from 2 for
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parameter updates. The parameters of the critic network 6,
are updated by minimizing the loss function via (32)-(34),
and the actor network parameter is updated using the policy
gradient via (35). The target network of MG i is then updat-
ed using the following formulas:

0l <10, +(1 —1)0, (36)
0, «10,+( —1)0), (37)
gi 14, +(1—1)¢; (38)

Each episode contains T time steps, and the training pro-
cess is repeated M times to ensure the algorithm conver-
gence.

V. EXPERIMENT AND SIMULATION RESULTS

A. System Parameterization and Experimental Setup

To demonstrate the effectiveness of the proposed P2P ener-
gy trading scheme with coupled E/C market and validate its
performance, simulations are conducted on an IEEE 33-bus
distribution system. The test distribution system consists of
five MG prosumers connected to nodes 6, 8, 11, 15, and 28.
The DER composition of each MG is detailed in Table II,
and the key input data for the distribution system, i.e., fore-
casts of typical load, PV output, and wind turbine (WT) out-
put are presented in Fig. 4. The study is based on multiple
test days, with averages calculated using well-trained data.
According to the parameters presented in Table III, the deci-
sion space for internal resource dispatch within the MGs is
defined as follows. The decision space for batteries is set to
be [-100, 100]kW, whereas that for distributed diesel genera-
tors is set to be [0,400]kW. The external carbon emission
price A", which reflects government penalties for carbon
emissions, is assumed to vary with carbon futures prices. We
set A" at 90 $/tCO, based on relevant data from the Europe-
an carbon market. The datasets used for training and testing
the surrogate model include randomly generated net load,
output of distributed diesel generator, and the corresponding
PDC-DLMP, all of which are calculated using the C-OPF
model in the IEEE 33-bus distribution system. The clearing
period is assumed to be 1 hour during a 24-hour cycle [10].
An analysis of a larger-scale IEEE 123-bus system [39] is
presented in Supplementary Material A.

TABLE II
DER COMPOSITION OF EACH MG

MG Location node DER composition

MG 1 6 PV, load type 1, battery, distributed diesel generator
MG 2 8 WT, load type 1, battery, distributed diesel generator
MG 3 11 PV, load type 2, battery, distributed diesel generator
MG 4 15 WT, load type 1, battery, distributed diesel generator
MG 5 28 PV, load type 1, battery, distributed diesel generator

The MATD3 algorithm is trained for 3000 episodes. The
batch size for each time step is 128. The discount factor is
0.97. The target smoothing coefficient is set to be 0.005.
The target update frequency is 2.
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Fig. 4. Forecasts of typical loads, PV output, and WT output.
TABLE III
SYSTEM PARAMETER SETTINGS
DER Parameter Value
a, ($/kWh?) 0.012
Distributed diesel generator b, ($/kWh) 0.02
¢ (tCO,/MWh) 0.9
SOC (kWh) 30-270
Battery .
P (kW) 100

The size of experience pool is 2x10°. The learning rate for
both the actor and critic NNs is 0.005.

B. Case Settings

To demonstrate the superiority of the proposed P2P ener-
gy trading scheme with coupled E/C market based on PDC-
DLMP, three comparative cases are established.

Case 1: the coupled E/C market is excluded, and energy
trading is limited to P2P trading between MGs.

Case 2: the coupled E/C market is incorporated with PDC-
DLMP signals but energy trading is limited to the P2G mar-
ket for MGs.

Case 3 (this study): the coupled E/C market is incorporat-
ed with PDC-DLMP signals while considering both P2P and
P2G energy trading among the MGs.

From the average reward in Case 3 shown in Fig. 5, it is
evident that after 3000 training episodes, the proposed two-
layer data-driven approach achieves stable training with
good convergence.

= -5000
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o -7000

E

5 -8000
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Fig. 5. Average reward in Case 3.

Table IV presents the key performance indicators in three
cases. The total carbon emissions are calculated by multiply-
ing the output of distributed diesel generators by their respec-
tive carbon emission intensities. This is based on the assump-
tion that the carbon emission intensity of the root bus and
the initial carbon emission intensity of the batteries are set
to be zero, meaning that all carbon emissions in the distribu-
tion system are attributed to distributed diesel generators.
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TABLE IV
COMPARISON OF KEY PERFORMANCE INDICATORS IN THREE CASES

Output of distributed Total carbon

Case diesel generator (MWh) emission (t) Total cost (8)
Case 1 16.785 15.106 5113.83
Case 2 15.052 13.546 4342.14
Case 3 14.413 12.971 4218.51

From Table 1V, it is evident that in Case 1, the MGs pre-
dominantly rely on high-carbon-emission distributed diesel
generators to meet their energy needs. In this case, the total
output of distributed diesel generators reaches 16.785 MWh,
resulting in 15.106 t of carbon emissions. By contrast, Cases
2 and 3, which incorporate a coupled E/C market, demon-
strate a significant reduction in carbon emissions. This reduc-
tion is due to the clearing strategy in coupled E/C market,
which imposes additional charges on carbon emissions. In
addition, both cases experience a marked decrease in total
costs, which is attributed to the PDC-DLMP signals based
on the CEF theory, which allocates carbon emission costs be-
tween the generation and demand sides. Furthermore, Case 3
offers additional trading flexibility to reduce costs. This re-
sults in a win-win scenario that balances economic benefits
with environmental sustainability.

C. Operational Effects of Considering Coupled E/C Market
with PDC-DLMP Signals on MG Prosumers

By comparing the simulation results of Cases 1 and 3, we
can analyze the effects of the coupled E/C market on MG
operations. In Fig. 6, we present the output of distributed
diesel generator and nodal carbon marginal prices across dif-
ferent cases. Table V summarizes the outputs and operational
costs of the distributed diesel generators for the MGs in
each case.

From the data in Fig. 6, we can observe that for MGs 1,
3, and 5, which utilize PV for renewable energy generation,
the output of distributed diesel generators is higher at night
and lower during the daytime. By contrast, MGs 2 and 4,
which rely on WT for renewable energy generation, exhibit
higher power generation during the daytime and lower at
night. When incorporating the coupled E/C market, we find
that nearly all MGs reduce their reliance on distributed die-
sel generators during peak hours, while increasing the share
of surplus renewable energy purchased from the P2P market.
This shift demonstrates the efficiency of the coupled E/C
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market in optimizing energy usage and promoting low-car-
bon operations.

Fig. 6. Output of distributed diesel generator and nodal carbon emission
prices in Cases 1 and 3. (a) MG 1. (b) MG 2. (¢c) MG 3. (d) MG 4. (e) MG 5.

TABLE V
OUTPUTS AND OPERATIONAL COSTS OF DISTRIBUTED DIESEL GENERATORS FOR MGS

Output (kW)

Operational cost ($)

Case MG 1 MG 2 MG 3 MG 4 MG 5 MG 1 MG 2 MG 3 MG 4 MG 5
1 3145.98 2606.69 3069.17 3145.98 2606.69 1049.01 858.14  809.73 1049.01 858.14
2 2563.50 219131 2109.43 2563.50 219131 647.32 49497 49036 647.32 494.97
3 311119 2700.97 2860.99 311119 2700.97 1112.80 996.01 99475 1112.80 996.01
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Simultaneously, most MGs increase their generation dur-
ing off-peak hours for distributed diesel generators, taking
advantage of the lower DLMPs and nodal carbon emission
marginal prices during these periods. In the P2P market, the
high demand for electricity enables MGs to profitably trade
low-cost electricity. These generation decisions not only en-
hance their economic benefits but also shift power genera-
tion away from peak hours, thereby stabilizing the operation
of distributed diesel generators across the MGs.

The nodal carbon emission marginal price varies in tan-
dem with the output of distributed diesel generators, general-
ly increasing with the quantity of generation. Specifically,
the nodal carbon emission marginal prices for MGs 1-4 tend
to increase over time. This is because in a distribution net-
work, the power flow and CEF typically diverge from the
initial node toward the terminal nodes. As (2) shows, the car-
bon emission intensity of node is often greater than or equal
to that of line flowing into the nodes. Consequently, carbon
emissions accumulate more significantly at terminal nodes,
resulting in higher carbon emission prices. As the nodal car-
bon emission marginal price increases, the reduction in pow-
er generation by the MGs increases from 76 to 1005 kW.
MG operators facing higher nodal carbon emission marginal
prices, such as MGs 4 and 5, tend to reduce the outputs of
distributed diesel generator to lower their operating costs.
By contrast, MG operators experiencing lower nodal carbon
emission marginal prices, such as MG 1, are more likely to
increase their power generation during low-demand periods
and sell low-carbon and low-cost electricity in the P2P mar-
ket, thus improving their economic benefits.

Figure 7 illustrates the energy trading results for MG 1 in
the P2P market in Cases 1 and 3. The P2P energy trading da-
ta are predominantly negative, indicating that MG 1 frequent-
ly sells electricity via P2P energy trading over many time in-
tervals, as driven by its lower DLMP. In addition, the P2P
energy trading in Case 3 involves more transactions than
that in Case 1. This is because with the introduction of the
coupled E/C market and the application of carbon emission
marginal prices, purchasing electricity from the P2P market
becomes more cost-effective.
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Fig. 7. Energy trading results for MG 1 in P2P market in Cases 1 and 3.
(a) Case 1. (b) Case 3.
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D. Operational Effects of P2P Energy Trading on MG Pro-
sumers

A comparison of the simulation results in Cases 2 and 3
enables us to investigate the effects of the P2P energy trad-
ing on the operation of each MG. The output of distributed
diesel generators in each MG as well as the nodal carbon
emission marginal prices in both cases are presented in Sup-
plementary Material B.

Figure 8 illustrates the battery operation status of MG3 in
Cases 2 and 3. During the peak hours of renewable energy
generation (10:00-13:00), the batteries in both cases choose
to charge, allowing them to store energy for later use and
supply electricity during the next high-demand period. In
Case 2, the battery also charges during the low DLMP peri-
od (01:00-04:00), because this case relies solely on the P2G
market for energy trading, making it more susceptible to the
purchasing and selling prices set by the DSO.
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Fig. 8. Comparison of battery operation status of MG3 in Cases 2 and 3.

With the introduction of the P2P market in Case 3, the op-
erational statuses of the batteries change. During periods of
power shortage, MG3 tends to prefer trading electricity
through the more affordable P2P market, thus reducing its re-
liance on batteries for storage.

In summary, without the P2P market, each MG can pur-
chase electricity only from the P2G market or use battery
storage to store the excess renewable energy generated dur-
ing peak production periods. However, with the introduction
of P2P energy trading, the purchasing price in the P2P mar-
ket is typically lower than that in the P2G market, whereas
the selling price is higher. Consequently, each MG is more
inclined to trade its surplus renewable energy in the P2P
market. Thus, the P2P market reduces and increases power
generation at nodes with high and low carbon emission mar-
ginal prices, respectively, thereby implicitly promoting low-
carbon operations.

VI. CONCLUSION

This study establishes a novel P2P energy trading scheme
with coupled E/C market for prosumers. It leverages PDC-
DLMP signals to guide low-carbon operations. The MATD3
algorithm, embedded with a surrogate model, constitutes a
two-layer data-driven approach and demonstrates excellent
performance within the framework. Numerical simulations
show that the coupled E/C market not only reduces total car-
bon emissions within the distribution network but also signif-
icantly lowers the operational costs for MG prosumers. The
introduction of P2P energy trading transfers power genera-
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tion demands away from nodes with high carbon emissions,
promoting the use of surplus renewable energy and further
reducing operational costs for MG prosumers.

In future studies, we will focus on developing more effec-
tive P2P matching methods and pricing mechanisms to prior-
itize low-carbon energy trading in the novel P2P energy trad-
ing market with coupled E/C market. We also aim to investi-
gate the training of more reliable surrogate models at the dis-
tribution network level, with further exploration of the de-
ployment of these models onto edge devices for real-time ex-
ecution. Finally, we plan to investigate the coordination of
large-scale P2P trading and assess the scalability of DRL al-
gorithms in these contexts.
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