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Abstract—Distributed energy resources create a prosumers era.
Peer-to-peer (P2P) energy sharing is an effective way to conduct
prosumers-based energy management. Integrating prosumers’
social attributes in energy engineering substantially affects their
decisions, which brings challenges to the energy scheduling under
the cyber-physical-social environment. In this paper, a data-
driven stochastic game model with prosumers’ social attributes
is proposed for P2P energy sharing. According to social psychol-
ogy, the prosumers’ social attributes are expressed as subjective
probabilities, which are studied by the spatial-temporal graph
convolutional networks. In the network, a double-layer fea-
ture graph is built to learn the social attributes based on the
social survey data and load metering data. The P2P energy
sharing incurred randomness comes from social attributes of
interactive prosumers, which is formulated as a stochastic game
model. In this game, a subjective utility model is proposed for
prosumers, and the energy scheduling is conducted with the
designed dynamic interval adjustment method. Numerical anal-
ysis reveals the results of the learning network and generalized
Nash equilibrium. Through comparing with rational scenarios,
the influence of prosumers’ social attributes on P2P energy
sharing is concluded.

Index Terms—Cyber-physical-social system, spatial-temporal
graph convolutional network, social attributes, P2P energy shar-
ing, stochastic games.

NOMENCLATURE

Parameter and Variable in Energy Sharing

N, i Number and index of prosumers
H, h Number and index of time slot
K, k Number and index of load interval
iterh Number of iterations during game process
Nh

s , Nh
b Number of sellers and buyers
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Eh
i PV production

Lh
i,k Load consumption, which includes initial

reference load L0h
i and optimal load Lh∗

i
fLh

i,k Flexible load
ph

i,k Subjective probability
Uh

i,k Subjective utility
δh

i Constant preference parameter of the
prosumers

flh
i,min, flh

i,max Lower and upper bounds of flexible load
TLi,k Flexible load in the entire time slots
Ch Feeder capacity
prihs.k, prihb.k Dynamic selling and buying prices
TSLh

k , TBLh
k Total selling and buying energy of the

system
TNLh

k Total netload of the system
α Profit parameter of the prosumers
λs, λb Utility grid selling and buying prices
SDRh

k Supply and demand ratio
�lhi , �LH

i Load different between initial and optimal
load, and cumulative load difference in
previous H time slots

�lh
′

i , �lh
′′

i Load different between initial and optimal
load after the first and second adjustment

ILh
i,k Length of load interval

m Number of adjusted intervals
b, d Coefficient of interval adjustment con-

straints, which includes b1, b2, b3, d1, d2,
and d3.

Parameter and Variable in STGCN

j, r Index of feature combination and STGCN
layer

sN Number of nodes in undirected complete
graph, which is also the number of social
attributes’ types and feature combinations

Hs,Hsr−1, hs Length of time slice respective in dataset
and layer r, and the index of the time slice

sM Length of longest feature combination
χ Dynamic node feature matrix
χS, Xj

S,hs, xc,j
S,hs Social attributes matrix, feature combina-

tion j’s element in the matrix, and social
survey question c in the feature combina-
tion j
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χLs, Xk
Ls,hs Load distribution matrix, and interval k’s

element in the matrix
Samls, Sams Dynamic interactive influence between load

intervals, and between social attributes
R, R

′
, R′j1,j2 Dynamic spatial attention matrix, normal-

ization type, and element in normalization
matrix

I, I
′
, I′hs1,hs2 Dynamic temporal attention matrix, normal-

ization type, and element in normalization
matrix.

I. INTRODUCTION

W ITH the increasing number of distributed energy
resources (DERs), such as photovoltaic (PV), the dis-

tribution system has entered the era of prosumers who has
the capability of both power consumption and production and
can serve as sellers or buyers to participate in the system.
Although the prosumers can help promote the consumption
of the DERs, they also complicate the control, power flow,
and information flow of the system due to distributed alloca-
tion and fluctuation of PV production [1]. Peer-to-peer (P2P)
energy sharing between prosumers is a feasible way to conduct
prosumers-based energy management [2].

P2P energy sharing is an emerging framework that offers
different sources of value to prosumers by allowing energy
balance to a great extent and reducing energy supply from
the utility grid [3]. During the P2P energy sharing, each pro-
sumer is the self-organized entity, aimed at achieving their
goal of maximum profit by setting their energy strategies.
The researches can be grouped into two parts: (1) P2P energy
sharing in the deterministic scenario, (2) P2P energy sharing
with uncertainties. In the deterministic scenario, because the
essence of P2P energy sharing is a multi-agent profit-related
problem, game theory has been widely used with advantages in
dealing with agents’ competitive interests. The process can be
generally formulated by the non-cooperative game, coopera-
tive game, and Stackelberg game [4]. For the non-cooperative
game, prosumers are modeled as a selfish entity with profit
competing, and the Nash equilibrium can be achieved accom-
panied by optimal electricity prices [5]–[6]. Prosumers can
also be cooperative as a coalition to participate in the P2P
sharing, building a cooperative game model for the P2P coali-
tion and finding an equilibrium solution to keep each coalition
stable [7]. Stackelberg game is used to model the interaction
between the prosumers and a third party, which manages
the energy sharing system and sets pricing strategies for the
energy sharing [8]. This framework includes a cooperative type
that prosumers can form a coalition to interact with the third
party [9], and a non-cooperative type that prosumers are com-
peting during the interaction with the third party [10]–[11].
However, the stochastic factors exist in P2P energy sharing,
which affects the optimization results of deterministic game
models (i.e., static game). Researches related to stochastic fac-
tors in energy sharing mainly study the stochastic factors using
static process, and cannot reflect prosumers interactions in
decision-making processes through the game process, e.g., for
the uncertainties of each DER, the method includes stochastic

programming [12], two-stage optimization strategies [13], and
reserved regulating capacity mechanisms [14].

The social attributes of prosumers have gradually become
a special type of stochastic factor in P2P energy shar-
ing [15]. According to the strong relation between decision
theory and psychology, the decision-making process of pro-
sumers is affected by multiple subjective factors [16], which
is described by psychology theory [17]–[18]. Besides, pro-
sumers are active participators in energy sharing and can make
profits [19]. Thus, with the integration of social attributes,
the P2P energy sharing system can be regarded as a cyber-
physical-social system (CPSS) in energy [20]. Studies that
focus on the prosumers’ social attributes can be mainly sep-
arated into two parts: model-based method and data-based
method. The model-based method relies on the motivational
psychology framework and prospect theory (PT). The moti-
vational psychology framework consists of many motivational
models, which can combine with the energy sharing model
to study the participation willingness of each prosumer in
P2P energy sharing [18], [21]. PT describes specific human
behavior expressions (i.e., radicalness when losing and con-
servative when gaining) under risk conditions [22], which
has been used in storage batteries scheduling of prospect
prosumers [19], one-hour time scale energy optimization
with uncertain human behavior [23], and P2P energy shar-
ing with subjective prosumers and time-coupled load con-
straints [24]. However, specific psychology theory can only
reflect limited social attributes of commercial behavior under
the risk condition, rather than the diverse social attributes
(e.g., family member, income, and power usage habits) of pro-
sumers which could have impacts on the decision of energy
sharing.

The data science with the social survey data and other
types of data can comprehensively measure the prosumers’
social attributes. Only a limited number of researches consider
the social preferences of persons through direct data anal-
ysis. For example, the cluster of typical consumer types is
analyzed based on load metering data and customer consump-
tion features extraction method [25], the EV users’ travel
willingness is discussed through designing questionnaires to
get data to replace decision-making of human participants by
multi-agent [26], and the individual driving pattern of EV
is studied by statistical methods combined with the national
travel survey [27]. However, the existing research only con-
siders single data types and uses statistical summaries or
encoding system methods. The integration of social survey
data and engineering data is still a problem amidst emerging
social-technical complexities.

From the perspective of CPSS, the problems of how to
incorporate the social attributes into P2P energy sharing still
exist. As social science and energy engineering are two totally
different areas, there are two major challenges to be addressed.
(1) How to merge the social attributes data and load meter-
ing data to quantify the prosumers’ social attributes for their
subjective decision-making process? (2) The dynamic game
model for P2P energy sharing under the incorporation of
interactive prosumers with social attributes, in which the pro-
sumers’ social attributes reflect as the stochastic factors, so
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that the game environment will be dynamic, then the static
framework is no longer applicable.

To address the aforementioned problems, the formula-
tion is based on a richer class of games, namely stochastic
games [28], to capture the dynamic energy sharing envi-
ronment. A data-driven stochastic game model with social
attributes is proposed for P2P energy sharing. We start
with the social survey data and load metering data, trans-
form the prosumers’ social attributes into subjective proba-
bility (SP) through a Spatial-temporal Graph Convolutional
Networks (STGCN). The SP can be dynamically modeled
among interactive prosumers by the stochastic game with
dynamic states and state transition probabilities. This is a new
framework to connect the social survey and the P2P energy
sharing, which has not been reported, as far as we know. The
detailed contributions include two aspects.

(1) A subjective utility model is proposed that considers
the prosumers’ social attributes in P2P energy sharing. The
SP is formulated in the subjective utility model through the
STGCN. In the network, a double-layer feature graph is built
to learn the prosumers’ social attributes based on the social
survey data and load metering data, and the relation of pro-
sumers’ social attributes and sequential load distributions is
studied by the spatial and temporal attention mechanisms.

(2) A stochastic game model is built for P2P energy sharing
among prosumers with SPs, where the interactive influence of
prosumers is dynamically reflected in the game process by
state transitions. The iterative solution algorithm incorporates
with STGCN is introduced to get the generalized Nash equi-
librium, and the dynamic interval adjustment (DIA) method is
designed in the algorithm to solve the game.

II. SYSTEM MODEL AND SUBJECTIVE UTILITY MODEL

A. Sociality Theoretical Basis

The P2P energy sharing framework includes prosumers and
energy sharing provider (ESP). The energy sharing implements
among prosumers with the help of the user energy manage-
ment system (UEMS) [2]. In this framework, each prosumer
sets load strategies according to the dynamic prices set by
the ESP to maximize their profit. A communication system
is existed between ESP and prosumers’ UEMS to realize the
information exchange, which is realized based on the wire-
less channels in private 4G/5G networks with Virtual Private
Network.

For the development of CPSS, acquiring profit is no longer
the only goal of prosumers to participate in energy shar-
ing. According to psychology, other subjective factors affect
their decision [29]. Some theories are used to measure a per-
son’s subjective action, such as PT [19], theory of reasoned
action, and decision theory [17], however, lack of method and
interface respective to quantify the social survey data and
reflect in the P2P energy sharing. In the rational scenario,
each prosumer has equal probabilities for different decisions,
which enables prosumers to select decisions totally based on
their utility. However, because each prosumer has a different
preference for different decisions in the subjective scenario,

Fig. 1. Subjective decision with SP.

the probability of choosing each decision is different for pro-
sumers, which reflects as SP. This paper takes the theory
in [17] as an example to provide the interface between energy
engineering and many kinds of data in social science.

SP can measure an entity’s preference for each strategy in
the decision, and largely affected by the subjective factors
with mapping mechanisms, like attitude (A), basic condi-
tion (BC), and subjective norm (SN) [17], which can be
obtained through the social survey (Fig. 1). The decision
model can be expressed as:

p = f (A, BC, SN), (1)

U = p ∗ u, (2)

where p is the SP, and f (·) is the mapping function between
subjective factor and probability, U and u are the subjec-
tive and objective utility, respectively. Generally, u can be
determined by persons’ estimation or mathematical economic
calculation.

B. Subjective Utility Model of Prosumers

Supposing the prosumers have PV production and load con-
sumption, where the prosumers’ load pattern consists of two
parts: fixed load and flexible load. There will be multiple possi-
ble load strategies of prosumers due to the subjective factors,
which are a discrete form and express as the load interval.
Each load interval (i.e., prosumers’ load strategy) has a unique
corresponding SP that presents the prosumers’ willingness to
choose the strategies.

The prosumers act as a seller (e.g., Eh
i −Lh

i,k > 0) or a buyer
(e.g., Eh

i − Lh
i,k <= 0) in the system according to the PV

production and load consumption. The subjective utility model
is formed by three-part series: consume load, share energy, and
trade with the utility grid.

Uh
i,k =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ph
i,k

(

δh
i ln

(
1 + Lh

i,k

)

+ prihs.k

(

Eh
i − Lh

i,k − max
(
TNLh

k ,0
)

Nh
s

))

+ ph
i,k

α∗max
(
TNLh

k ,0
)

Nh
s

, Eh
i − Lh

i,k > 0

ph
i,k

(

δh
i ln

(
1 + Lh

i,k

)

+ prihb.k

(

Eh
i − Lh

i,k − min
(
TNLh

k ,0
)

Nh
b

))

,

+ ph
i,k

α∗min
(
TNLh

k ,0
)

Nh
b

, Eh
i − Lh

i,k <= 0,

(3)

TNLh
k = TSLh

k − TBLh
k, (4)
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TSLh
k =

N∑

i=1

max
(

Eh
i − Lh

i,k, 0
)
, (5)

TBLh
k = −

N∑

i=1

min
(

Eh
i − Lh

i,k, 0
)
, (6)

(1) The first term δh
i ln( 1 + Lh

i,k) is the utility of consuming
load, δh

i express the sense of getting utility by consuming load.
Higher δh

i means prosumer wants to consume more load to
get more utility. The logarithmic format of the utility function
δh

i ln( x) has been widely used in economics for modeling the
preference of users and the decision-making process [30]. With
the development of demand response management in the smart
grid, the function that can lead to proportional fair demand
response is shown to be suitable for the design of utility for
power consumers. However, the users will get a payoff of
−∞ when x = 0, so the utility function for prosumers has
been changed to δh

i ln( 1 + x) [31], i.e., δh
i ln( 1 + Lh

i,k).

(2) The second term prihs.k

(

Eh
i − Lh

i,k − max( TNLh
k ,0)

Nh
s

)

is the

utility of participating in P2P energy sharing, prihs.k and prihb.k
are set by ESP during the decision-making process. The
calculation method is based on the Re. [2]:

prihs,k =
{

λs∗λb

(λb−λs)∗SDRh
k+λs

, 0 <= SDRh
k < 1

λs, SDRh
k <= 1,

(7)

prihb,k =
{

prihs,k ∗ SDRh
k + λb

(
1−SDRh

k

)
, 0 = SDRh

k < 1
λs, SDRh

k <= 1,

(8)

SDRh
k = TSLh

k

TBLh
k

, (9)

The energy that can use in P2P energy sharing is com-
ing from the netload of each prosumer, but the P2P sharing
energy of each prosumer should minus one part of the system’s

total netload, i.e.,
max( TNLh

k ,0)

Nh
s

, because of the energy balance
requirements of the whole system. This part of the load cannot
be satisfied by other prosumers through P2P energy sharing
with dynamic prices and require selling to the utility grid with
utility grid prices.

(3) The third term
α∗max( TNLh

k ,0)

Nh
s

is the utility by sharing
the utility of selling netload to the utility grid among sellers,
α∗min( TNLh

k ,0)

Nh
b

is the cost by sharing the cost of buying netload

to the utility grid among buyers. For sellers, α equals to the
utility grid selling prices, and utility grid buying prices for
the buyer.

It is noted that the SP affects all three parts of the util-
ity because all the three parts relate to load consumption,
which is the decision of prosumers and is affected by the
social attributes. Then the influence is reflected in the utility
for each prosumer to participate in the P2P energy sharing.
Combined with social sciences, the SP is not a fixed distri-
bution, but a subjective value that varies with everyone and
every time slot.

Fig. 2. Applicability of STGCN in the context of energy sharing.

The adjustment of the flexible load is not infinite, there exist
lower and upper bound constraints and summation constraints:

flh
i,min <= flh

i,k <= flh
i,max, (10)

H∑

h=1

flh
i,k = TLi,k, (11)

To keep the normal operation of the system, the constraints
of feeder capacity should also be considered, which limits the
sum of all the prosumers netload:

N∑

i=1

(
Eh

i −Lh
i,k

)
<= Ch. (12)

In the subjective environment, the prosumers’ willingness
for P2P energy sharing will be affected by their social
attributes. However, the subjective utility can consider the
influence of prosumers’ social attributes and the gaining profit
during energy sharing. Therefore, if the subjective utility can
be increased through participating in the P2P energy sharing,
prosumers will be willing to join the energy sharing.

III. SOCIAL PREFERENCE BASED ON LEARNING METHOD

A. Applicability of STGCN in the Context of Energy Sharing

In the context of energy sharing with subjective prosumers,
prosumers’ decision-making is highly affected by their social
attributes, so that the load distribution data and social attributes
data should be considered at the same time. These two kinds of
data are highly different, load metering data is continuous data,
while social survey data is categorical data. General neural
networks usually learn features of input data together based
on their quantities, which makes it difficult to process data of
different nature. Therefore, it is better to process these two
kinds of data in different dimensions to distinguish them.

The STGCN can learn the invisible correlation from
time horizon and spatial domain, consider the spatial and
time dependence at the same time, capture the dynamic
spatial-temporal (ST) characteristic, and accurately predict the
information of future moments [32]. As Fig. 2 shows, in the
energy sharing, the relation of social attributes and load dis-
tribution is reflected as the temporal and spatial dimension
then modeled by the STGCN. Prosumers’ load distribution
will present specific characteristics in one day, which is a kind
of time series and regard as the temporal dimension. It is
noted that the load distributions are affected by the social
attributes, which can be regarded as the variables in the spatial
dimension. Based on statistical social attributes data and load
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distribution data, a double-layer feature graph can be built dur-
ing the learning process of STGCN to study the relations of
prosumers’ social attributes and sequential load distributions,
then getting the SP.

B. The Input Features of STGCN With Data Pre-Processing

An undirected complete graph is defined as G = (V, E, Adj),
in which V is a finite set with the number of sN nodes, E is
the set of edges, Adj is the adjacent matrix of G [33]. The
dynamic node feature matrix of graph G includes two parts:
social attributes in the spatial domain and load distribution
in time horizon, which respectively expressed by the social
attributes matrix and load distribution matrix. Graph G is phys-
ically extended to a double-layer feature graph based on these
two matrices. Data pre-processing of social survey data and
load distribution data is required for the establishment of these
two feature matrices.

1) Social Attributes Matrix: The original social attributes
data from the social survey is disorder, which should be clas-
sified and selected. A feature combination is composed of
a set of social survey questions and define as one type of
prosumers’ social attribute. Personal social attributes affect
subjective strategies. Each prosumer has sN types of social
attributes (i.e., feature combinations) in the STGCN network.
sM is the length of the longest feature combination in the
matrix, which is calculated by:

sM = max
{

len
({

Xj
S,hs|j ∈ [1, sN]

})}
, (13)

where len(·) calculates the length.
Once the value of sM is confirmed, all the feature com-

binations are processed by zero paddings. Therefore, the
social attributes matrix for each prosumer can be expressed
as follows.

χS =

⎡

⎢
⎢
⎢
⎢
⎢
⎣

X1
S,1 · · · Xj

S,1 · · · XsN
S,1

· · · · · · · · ·
X1

S,hs · · · Xj
S,hs · · · XsN

S,hs
· · · · · · · · ·

X1
S,Hs · · · Xj

S,Hs · · · XsN
S,Hs

⎤

⎥
⎥
⎥
⎥
⎥
⎦

∈ Hs × sN × sM,

χS,hs =
[
X1

S,hs · · · Xj
S,hs · · · XsN

S,hs

]
∈ sN × sM, (14)

Xj
S,hs =

[
x1,j

S,hs, . . . , xc,j
S,hs, . . . , xsM,j

S,hs

]T ∈ 1 × sM, (15)

The χS,hs can be dynamically changed in different time
slice or keep unchanged in the whole time span, which is
determined by the social attributes data.

2) Load Distribution Matrix: The initial load data is aggre-
gated to an hourly expression to support the energy scheduling.
To get the χLs, data pre-processing of the hourly load is
required on the basis of statistical probabilities. The maxi-
mum load value is divided into K load intervals for each time
slot. In the time slice hs, interval k contains two types of
information: the middle load value xsM+1,k

Ls,hs and probability

xsM+2,k
Ls,hs that reflect the possibility of the load value falls in

this interval. It is noted that the interval k is corresponding to
feature combination j.

Fig. 3. The special and temporal attention mechanism.

The load distribution matrix consists of the prosumers’
social preference for load strategies, which is expressed as:

χLs =

⎡

⎢
⎢
⎢
⎢
⎣

X1
Ls,1 · · · Xk

Ls,1 · · · XsN
Ls,1

· · · · · · · · ·
X1

Ls,hs · · · Xk
Ls,hs · · · XsN

Ls,hs
· · · · · · · · ·

X1
Ls,Hs · · · Xk

Ls,Hs · · · XsN
Ls,Hs

⎤

⎥
⎥
⎥
⎥
⎦

∈ Hs × sN × 2,

χLs,hs =
[
X1

Ls,hs · · · Xk
Ls,hs · · · XsN

Ls,hs

]
∈ sN × 2,

Xk
Ls,hs =

[
xsM+1,k

Ls,hs , xsM+2,k
Ls,hs

]T ∈ 1 × 2.

C. The Structure of ST Blocks in STGCN

Based on graph G, STGCN aims at extracting node fea-
tures. The structure of STGCN contains several ST blocks and
a fully connected (FC) layer. Each ST block includes 4 parts:
spatial attention mechanism, temporal attention mechanism,
convolution neural network (CNN), and graph convolution
network (GCN).

Graph G includes a spatial dimension to explore the
dynamic impact of the social attributes on load probability
distribution through learning dynamic weighting. To better
capture the dynamic ST correlation, two attention mechanisms
are adopted in this paper: spatial attention mechanism and
temporal attention mechanism, which is shown in Fig. 3.

1) Spatial Attention Mechanism: In the spatial dimension,
the nodes project from the temporal dimension, which includes
their own social attributes and the preference of a certain
load strategy. The spatial attention mechanism (Fig. 3 right) is
adopted based on the build double-layer feature graph, which
is used to adaptively capture the dynamic correlation between
nodes, then promote the accuracy of the prediction. Two types
of influence are considered and express as two matrices: the
dynamic interactive influence between social attributes, and
between load intervals, which comes from the natural lan-
guage processing area that can find dependency relationships
based on training data [34].

Samls =
(
χ r−1

Ls W1L

)
W2L

(
W3Lχ r−1

Ls

)T
, (16)

Sams =
(
χ r−1

S W1S

)
W2S

(
W3Sχ

r−1
S

)T
, (17)

where W1L, W2L, W3L, W1S, W2S, W3S are the parameters of
learning model, χ r−1

S = (X1
S, X2

S, . . . , XHsr−1
S ) is the element

of χS, which is the input data of spatial layer r in the STGCN.

Based on the Samls and Sams, the dynamic spatial atten-
tion matrix R is calculated by the Hadamard product [35], to
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extract the connection between social attributes and load strat-
egy preference. The weight relationships between each node
in spatial dimension can be got, which is dynamically adjusted
with the spatial attention matrix R and adjacent matrix Adj

in the process of graph convolution. The matrix R should be
normalized as the input of the spatial layer, and the value of
the element R′j1,j2 semantically represents the strength of the
dependencies at the node j1, j2.

R = Vs · σ(Samls � Sams + bs), (18)

R′j1,j2 = exp
(
Rj1,j2

)

∑J
j2=1 exp

(
Rj1,j2

) , (19)

where Vs, bs are the parameters of the learning model, σ(·)
is the activation function, and � is the Hadamard product.

2) Temporal Attention Mechanism: Fig. 3 (left) shows the
temporal attention mechanism in the time horizon, and the
node weight is different between each time slot. The dynamic
temporal attention matrix I should be normalized as the input
of the STGCN in the temporal dimension. The value of the
element I′hs1,hs2 semantically represents the strength of the
dependencies at the time slice hs1, hs2:

I = Ve · σ

(((
χ r−1

Ls

)T
Ua1

)

Ua2

(
Ua3χ

r−1
Ls

)
+ be

)

, (20)

I′hs1,hs2 = exp
(
Ihs1,hs2

)

∑Hsr−1
hs2=1 exp

(
Ihs1,hs2

) , (21)

where the Ve, be, Ua1, Ua2 Ua3 are all the parameters of
the learning model, χ r−1

Ls = (X1
Ls, X2

Ls, . . . , XHsr−1
Ls ) is the ele-

ment in χLs, which is the input data of temporal dimension
in layer r.

3) GCN and CNN: GCN and CNN are the learning com-
ponents in the ST block for extracting spatial and temporal
information [36]–[37].

D. Learning Process in STGCN

The STGCN is shown in Fig. 4. The node feature matrix χ

is the initial input of the entire STGCN. The spatial dimension
of χ is handled by GCN while the temporal part is handled by
CNN for extracting more information about social attributes
and load distribution. The extracting process of GCN and CNN
is respectively assisted by spatial attention mechanism and
temporal attention mechanism.

In the spatial dimension, the dynamic correlation between
each node is captured by the spatial attention mechanism,
which is expressed as the spatial attention matrix after normal-
ization R′. The matrix can learn the node weights considering
social attributes and load distribution, which can help GCN
explore the node features of 0 ∼ (k − 1) adjacent nodes, and
enhance the efficiency of feature extraction. The node fea-
tures are transferred to the temporal dimension for the learning
process of CNN.

In the temporal horizon, χ̂
(r−1)
Ls,hs is an intermediate variable

in the learning network for dynamically adjusting the input
of the temporal dimension. The variable is calculated by the

dynamic temporal attention matrix I′ and the input data χ r−1
Ls :

χ̂
(r−1)
Ls,hs =

(
X̂

1
Ls, X̂

2
Ls, . . . , X̂

Hsr−1
Ls

)

=
(

X1
Ls, X2

Ls, . . . , XHsr−1
Ls

)
· I′. (22)

The learning process of CNN is based on the spatial node
features extracted by GCN, which realize the connection of
spatial and temporal horizons. The node features are updated
by merging relevant information on the adjacent time slots
through CNN. The spatial and temporal attention mechanism
enhances the nodes’ correlation during the learning process
and improves the training accuracy of STGCN. Finally, FC
and activation function rectified linear unit (ReLU) are used
to normalize the output, which includes the predicted results
of the SP and the corresponding load value. These two results
are output as matrices with H time slots and K load intervals.

IV. STOCHASTIC GAME FORMULATION

AND SOLUTION ALGORITHM

A. Formulation of the Stochastic Game Model

Prosumers’ load strategies are continuous in the time hori-
zon, and the social attributes in the previous time slots have an
influence on the next time slot for continuous learning of SP,
Besides, many possible scenarios will arise from the subjective
uncertainties. Therefore, the energy scheduling environments
are dynamic in the time horizon, and the stochastic game
model is built to formulate the stochastic and dynamic pro-
cess of P2P energy sharing. Different from the general static
game model, it includes five elements: game player, action,
state, state transition probability, and utility. The game imple-
ments in a dynamic way with multi-stage, in which the stage
is corresponding to the time slot in energy scheduling. SP
dynamically change in different stages, resulting in the dif-
ferent states (i.e., scenarios) in each stage, and the state will
change in the next stage with the state transition probability.
Based on the subjective utility model of each prosumer, the
game model is expressed as follows:

θ =
{

N, Sh, Ah, Ph
(

Ah
i,k

∣
∣
∣ Sh−1

i

)
, Uh, h ∈ H

}
, (23)

Sh
i,k =

{
Lh

i,k, ph
i,k

}
, Sh

i,k ∈ Sh, (24)

Ah
i,k =

{
Lh

i,k|k ∈ [1, K]
}
, Ah

i,k ∈ Ah, (25)

Ph
i,k

(
Lh

i,k

∣
∣
∣ Sh−1,∗

i

)
= ph

i,k

∏H−1
h=1 ph

i,k
∏H−1

h=1 ph
i,k

= ph
i,k, (26)

Uh
i,k(see Eq.(3)), Uh

i,k ∈ Uh, (27)

where the superscript h is the stage index of the dynamic
game, N is the prosumers set, and they are the players of the
game. Sh is the state set of the game, and each state includes
load patterns and SP. Ah is the action set, which includes load
consumption. Ph(Ah

i,k|Sh−1,∗
i ) is the state transition probability,

which is based on SP that acquires from the STGCN and impli-
cates the probability of a chosen action, where Sh−1,∗

i is the
optimal state of time slot h-1. According to the definition of the
stochastic game [28], the state transition probability is a con-
ditional probability related to the previous state Sh−1,∗

i . Uh is
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Fig. 4. The STGCN for learning of SP.

Fig. 5. The stochastic game process.

the utility set of prosumers. For each prosumer, the utility is
based on the energy sharing model, which aims at maximizing
the subjective utility under the consideration of SP.

Fig. 5 shows the stochastic game process. The game is
implemented between prosumers, and an ESP is a middle-
man (not a game player) to support the game process. During
the game, ESP calculates the dynamic electricity prices and
transmits them to prosumers through a communication system,
while prosumers determine their load actions based on their
utility under the influence of SP. It is noted that only the load
strategies of each prosumer should transmit to the ESP, which
are all general information shared in the game model [38],
so that doesn’t cause privacy issues related to the prosumer’s
social attributes.

Prosumers’ actions (i.e., load strategies) will cause state
transitions in the current time slot following the state tran-
sition probability, which determines the states in the next
time slot. The load actions in the next time slot will also be
affected because of the time-coupled constraints (11). Besides,
the SP in the next time slot is predicted based on the last
time slot’s updated probability in the temporal horizon and
historical learnable parameters. By regarding all prosumers
as a cluster, then the solving process between different time
slots is a single agent process, which satisfies the Markov
decision process (MDP). The MDP following the optimal-
ity principle of dynamic programming, i.e., the sub-result of
the optimal results is always optimal and called as ‘without
aftereffect’ [39]. Therefore, the stochastic game implements as
MDP accompanied by state transitions and SP learning, until
reaches H time slot.

B. Nash Equilibrium

The optimal action in each time slot is Nash equilib-
rium (NE). From a general view of NE, the decision of
prosumer i includes the load strategies in response to the
decisions of other prosumers because of the coupled con-
straints (12), so that the NE will become a generalized
type [6].

Definition 1: A set of optimal action Ah∗
i ={

Lh∗
i |h = 1, 2, . . . H

}
of player i is the NE with a gen-

eralized type in time slot h , accompanied with an optimal
dynamic selling and buying prices prihs and prihb, if and only if
the action of player i is the optimal action of the combination
of other prosumers action, that is the following expression is
satisfied:

Uh
i

(
Ah∗

1 , . . . , Ah∗
i , . . . Ah∗

N

)

<= Uh
i

(
Ah∗

1 , . . . , Ah∗
i−1, Ah∗

i , Ah∗
i+1, . . . Ah∗

N

)

∀i ∈ N, h ∈ H, Ah∗
i ∈ Ah. (28)
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Fig. 6. The DIA method.

Theorem 1: The unique NE with a generalized type always
exists in each time slot in the proposed stochastic game θ .

Proof: The proof is based on two aspects. (i) The action set
of each prosumer is nonempty, compact, and convex; (ii) The
utility function is always concave for each prosumer [6], [19].
For the first aspect, it is obvious that the utility function of pro-
sumers (3) is a continuous function, and the set is nonempty,
compact, and convex. Then, the concavity and convexity of
prosumers’ utility function in each load interval k should be
clarified. For both sellers and buyers, the Hessian matrix with
respect to Lh

i,k is expressed as:

HM = −δh
i /

(
1 + Lh

i,k

)2
. (29)

The Hessian matrix is negative definite with respect to Lh
i,k,

and thus Uh
i,k is a strictly concave function.

Uh
i,k should be maximized during the game process, there-

fore, there exists a unique NE with a generalized type and
Theorem 1 is proved.

C. Solution Algorithm With DIA

During the game, it is difficult to satisfy the time-coupled
load constraints (11), because the game θ implements hour-by-
hour. The DIA method is adopted during the decision-making
process of each time slot, which is a kind of heuristic method
and is shown in Fig. 6. The method is conducted based on two
mechanisms: (i) forward compensation to increase the optimal
load Lh∗

i for acquiring higher load value, and (ii) backward
curtailment to decrease the optimal load for limiting the load
value. There are two kinds of adjustment:

1) Inside a Time Slot: There is a load difference �lhi =
L0h

i −Lh
i between the initial reference load L0h

i and the optimal
load Lh∗

i in a time slot. The optimal load decreases or increases
m intervals based on the load difference to get the adjustment
load �lh

′
i , and the load will be further adjusted as Eq. (31)

shows to get �lh
′′

i . The adjustment is in a wider range to
reduce the deviation of flexible load, and further satisfy the
time coupled constraints. Then the corresponding probability

also changes to the interval after adjustment.

decr
�lhi <= 0

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

m = 1, b1 <
−�lhi
ILh

i,k
<= b2

m = 2, b2 <
−�lhi
ILh

i,k
<= b3

m = 3, b3 <
−�lhi
ILh

i,k
,

incr
�lhi > 0

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

m = 1, d1 <
−�lhi
ILh

i,k
<= d2

m = 2, d2 <
−�lhi
ILh

i,k
<= d3

m = 3, d3 <
−�lhi
ILh

i,k
,

(30)

decr
�lh

′
i <= 0

{
m = 1, k > 0
m = 2, k > 1,

incr
�lh

′
i > 0

{
m = 1, k < 9
m = 2, k < 8.

(31)

2) Inter Time Slots: The cumulative load difference �LH
i

also exists. Because the major adjustment conducts inside
each time slot and great adjustment may affect the decision
in the current time slot, the adjustment range is half or one
interval. When |�LH

i | < 0.5ILh
i,k, the forward compensation

and backward curtailment are conducted inside an interval,
when |�LH

i | <= 0.5ILh
i,k, the adjustment range is one interval,

and the adjustment is conducted many times, which is auto-
matically determined by the utility. Then the optimal load can
be modified as:

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Lh′
i,k = Lh

i,k + 0.5ILh
i,k�LH

i∣
∣�LH

i

∣
∣ , k′ = k,

∣
∣�LH

i

∣
∣ < 0.5ILh

i,k

Lh′
i,k = Lh

i,k + ILh
i,k�LH

i∣
∣�LH

i

∣
∣ , k′ = k + �LH

i∣
∣�LH

i

∣
∣ ,

∣
∣�LH

i

∣
∣

<= 0.5ILh
i,k,

(32)

�LH
i =

H−1∑

h=1

�lh
′′

i . (33)

There are parameters that affect the adjustment interval to
satisfy the time coupled constraints during the game process.
Some pre-analysis can be conducted to choose the best param-
eters for the specific application, then get better performance
for the algorithm, like many heuristic methods [40]. In the
energy sharing application, the sensitiveness analysis is listed
in the Case Study.

In the stochastic game model, the stochastic factors result
in the problem of the “curse of dimensionality” when solv-
ing the game. Because each prosumer has K possible actions,
which will cause K possible states, and N prosumers will
have KN possible states. If simultaneously considering all pro-
sumers’ actions, the number of states exponential growth with
the actions K and prosumers N in one stage. The problem
makes the game cannot be directly solved by the mathematical
method.

The solution algorithm solves the problem by the iteration
method. Each prosumer separately decides their strategies and
updates their strategies through the iteration with ESP. When
each prosumer decides their strategies, the state transition
probability is also considered, and the DIA is conducted to
consider the time coupled constraints. The dynamic prices
serve as the intermediary to connect each iteration and each
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Algorithm 1 Iterative Solving Method With DIA for Game θ

1. Setting the utility buying and selling prices λb, λs, initial
load distribution Lh

0,i,k, preference parameter of prosumer δh
i ,

constraints parameter flh
i,min, flh

i,max, TLi,k, Ch.
2. Initial the STGCN network, and training it based on χS,

χLs, then getting the weights and learnable parameters.
3. Conduct the stochastic game θ with the learning model.

For time slot h = 1
4. ESP set the utility grid prices as the initial dynamic prices.
For iteration iter = 1

(1). Based on the dynamic prices, each prosumer gets
multiple utilities Uh,iter

i,k in each interval k followed the strategy
Lh

i,k and corresponding SP ph
i,k.

(2). Calculate the load difference �lhi and conduct the
adjustment based on the DIA.

(3). Choosing an optimal utility Uh,iter∗
i that satis-

fies the following condition, and gets corresponding optimal
strategy Lh∗

i and SP ph∗
i .

Uh,iter∗
i > max

k
Uh,iter

i,k

(4). Based on the prosumers’ load strategy, ESP calcu-
lates dynamic selling and buying prices prihs,k, prihb,k according
to Eqs. (7-9), then transmit them to prosumers.

If
∣
∣
∣Uh,iter∗

i − Uh,iter−1∗
i

∣
∣
∣ <= 1e − 4,∀i ∈ N

Reach the generalized Nash equilibrium in time slot h;
Break;

End if
End for iteration
5. Pass the SP ph∗

i ,∀i ∈ N and load strategies Lh∗
i ,∀i ∈ N

in time slot h to predict the SP in time slot h+1 and satisfy
the constraints (11).
If h = H

stop the game process;
Break;

End if
End for

6. Get the load strategies L∗
i and corresponding SP p∗

i of
all prosumers in the whole time slot.

prosumer. Then the KN solution space (i.e., possible states)
can be reduced to K × N × iterh in one time slot. Besides,
the prosumers coupled constraint (12) is also considered in
the decision-making process through the iteration in each
stage, where each prosumer should satisfy the constraint when
they separately optimize their load strategies. The solution
algorithm is expressed as follows.

It is noted that the solution to the optimization model and
heuristic DIA are included in the iterative process. There
are negative feedbacks between dynamic selling/buying prices
and load strategies during iteration to guarantee the conver-
gence of the algorithm. The dynamic prices are calculated as
Eqs. (7)-(9) shows, it is noted that the SDR determines the
prices and is affected by the total selling energy TSLh

k and
buying energy TBLh

k . When the SDR increases, it can be equiv-
alent to an increase in TSLh

k or a decrease in TBLh
k , and both

the dynamic selling prices and buying prices will decrease.
Therefore, the increased TSLh

k is restrained because selling
energy can get less profit, and the decreased TBLh

k is also
restrained because buying energy requires less cost. When the
SDR decreases, the TSLh

k can be regarded as a decrease or
TBLh

k regarded as an increase, and both dynamic selling and
buying prices increase. Therefore, the TSLh

k increase to get
more selling profit and TBLh

k decrease to avoid more cost.

V. CASE STUDY

A. Basic Data

The P2P energy sharing test system consists of an ESP
and 11 resident prosumers with PV production connected to
a medium-voltage (10 kV) feeder of a distribution network.
Each prosumer on the STGCN learning network includes
load probability distribution and social attributes features. The
load data and prosumers social attributes were taken from the
Smart Metering Electricity Customer Behavior Trials (CBTs)
by Commission for Energy Regulation of Irish Social Science
Data Archive [41], where the social survey is conducted dur-
ing 2009 and 2010 with over 5,000 Irish homes and businesses
participating and more than 600 questions. 10 types of social
attributes can be extracted from 90 questions through the
data pre-processing method: family member, income, white
goods power, small household appliances’ power, acceptable
electricity prices, power usage habits changing, electricity sav-
ing measures, ideal electricity saving behavior, power saving
results comparison, and electricity use and charging attitudes.
The hourly load data is collected by smart meters, which
includes 17 months. Besides, the number of time slots for
energy sharing is 24 hours, and each prosumer has 10 possi-
ble load strategies in one time slot. The data are uploaded in
the ScholarOne Manuscripts system.

B. Results of SP and Comparison With Other Neural
Networks

1) SP From STGCN: In the learning network, the number
of prosumers’ social attributes is 10, each social attribute has
13 dimensions. Therefore, the feature of the learning network
can be got, which is also the input of the graph G. The
load distribution data is a time series that vary in time, while
the social survey is only conducted once, so that the social
attributes data is static, which means different rows of the
social attributes matrix is the same. The parameter of the
learning network is set as: the horizontal dimension of input
channels is 15, the terms of Chebyshev polynomial is 4, con-
volution kernels of GCN and CNN are 16 and 4, the batch size
is 2, and the learning rate is 0.0001. Based on graph G, two
spatial attention matrices are respectively calculated between
social attributes and between load probability distribution.

Then according to Eq. (18), the spatial attention matrix
between social attributes and the load probability distribu-
tion is got by Hadamard product of the above two matrices,
which is shown in Fig. 7 with prosumer ID 5407. The ele-
ment represents the correlation between load distribution and
social attributes, and they both affect the SP. Like node (1,1) is
got from Hadamard product by two parts: (i) the correlation
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Fig. 7. The spatial attention matrix of prosumer ID5407.

Fig. 8. The SP of prosumer ID 5407.

between load interval 1 and other load intervals in matrix χLs,
(ii) the correlation between social attribute 1 with other social
attributes in matrix χS. Therefore, the number 0.057 indicates
the comprehensive influence between these two matrices and
on the SP, and the influence is less than the node (2,2) 0.263.

After the learning process, the SP can be got with the game
occurring. Fig. 8 shows the prosumer ID5407 SP as a thermo-
dynamic diagram. It is clear that there is no regular distribution
that can quantify the SP because it is largely affected by the
prosumer’s social attributes. In time slots 18-24, the probabil-
ity is larger in second than the first load interval because the
initial load peak appears in the evening, indicating the pro-
sumer subjective preference to each load value. Besides, the
SP is concentrated on the first three load intervals, due to the
rare appearance of large load strategies.

2) Comparison With Other Neural Networks: To show the
effectiveness of STGCN, we have conducted the comparison

TABLE I
MAE OF LEARNING RESULTS

results with the long short-term memory (LSTM) network [42]
and gated recurrent unit (GRU) network [43]. Two kinds of
inputs are designed: one is to input only load distribution (i.e.,
univariate with one time series feature), the other is to input
both social attributes data and load distribution data in the form
of one-dimensional matrix (i.e., multivariate with multiple time
series features). Mean absolute error (MAE), which is a classic
evaluation index, is used as the evaluation metric, and the
learning results are shown in Table I.

Through the comparison, STGCN is superior to the LSTM
and GRU, achieving the best results. The reason is that the
STGCN model can simultaneously process these two kinds
of data in the spatial and temporal dimension, which helps
STGCN extracts abundant information. During the learning
process, social attributes and load distribution are linked
through a double-layer feature graph to learn the SP with the
help of attention mechanisms that can capture the dynamic
changes of social attributes data and load distribution data.

C. Results of Stochastic Game and Social Preference
Analysis

The results of the stochastic game include load strategies
of prosumers, dynamic prices set by ESP, and the utility of
prosumers. To show the influence of considering prosumers’
social preference, the results of subjective scenarios are com-
pared with the rational scenarios, which are conducted by the
non-cooperative game for maximizing utilities. The initial load
and utility are got from the median of the 17 months data.

1) Results of Load Strategies: Fig. 9 shows the load strate-
gies of prosumers with ID5407. The major fluctuations of the
curve arise from discrete load strategies. It is clear that the
optimal load is almost increased in time slots 8-15, which has
a higher PV production. Prosumers can increase their utility by
avoiding buying energy in other time slots where PV produc-
tion is insufficient. The load peak in time slots 18-23 is also
reduced by the optimization, because these time slots have no
PV production, and the buying prices are higher. However, the
load in time slots 16-17 is a particular case, this phenomenon
is influenced by SP and DIA. From Fig. 8, the SP in the sec-
ond load interval of time slots 16-17 is smaller than time slots
after 18, which is the peak time slots. Besides, the positive
load deviation is accumulated in the time slots 8-15 according
to the DIA. Therefore, the prosumer abandons the larger load
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Fig. 9. The load strategies of prosumer ID5407.

Fig. 10. The load strategies of all prosumers.

strategies with high utility and chooses the first small interval
for his social preferences and load constraints.

Fig. 10 shows the load strategies of all prosumers. The
optimal load distribution is also increased in the time slots
9-16 for the same reason that was discussed before. The orig-
inal load peak in time slots 19-23 is reduced, resulting in the
flat load distribution and decreasing the influence of uncer-
tainty PV production on the utility grid. Besides, the load
also shows a DIA method can satisfy the load constraints
in the energy scheduling process. From the perspective of
social attributes, the optimal load strategies in a subjective
scenario almost follow the previous load pattern than rational
prosumers, indicating the influence of social preferences on
their load strategies.

2) Results of Dynamic Prices: Fig. 11 shows the hourly
dynamic prices set by ESP. The selling and buying prices are
lower in time slots 8-17 under the higher PV production. It is
because the prosumers are encouraged to buying energy (i.e.,
consuming energy) in these time slots to increase the local
consumption of PV energy. The selling prices are always lower
than or equal to the buying prices to keep the gaining of the
utility grid. In time slots 12-15, the selling and buying prices
are equal to the minimal value. The reason is that the higher
PV production indicates the selling energy in these time slots
far beyond buying energy.

Comparing with the rational scenario, the fluctuation of the
curve in the subjective scenario is more volatile than in the
rational scenario. The reason comes from two aspects: one is
the discrete load strategies because of the social attributes, the
other is the larger SP in small load intervals, resulting in lower
load strategies and large deviation with original prices.

Fig. 11. The dynamic electricity prices set by ESP.

Fig. 12. The subjective utility of all prosumers.

3) Results of Prosumers’ Utility: Fig. 12 shows the util-
ity of prosumers, and the utility of 24 hours increases from
211.01EUR to 229.34EUR through optimization. The utility
of prosumers comes from saving buying energy from the util-
ity grid and replaced by their own PV generation so that the
profit is higher in time slots 8-17. The dynamic prices can
help prosumers get more profit than utility gird prices, so that
the increment of optimal profit is mainly in the time slots
8-17 because of the higher PV generation in these time slots.
Besides, the optimal load strategies in some time slots (like
16, 22) are the same as that of the initial value. The reason is
that the influence of social preference, resulting in the optimal
utility is the same as the initial utility.

D. Analysis of the Parameters in the Solution Algorithm

To show the sensitivity of parameters in the solution algo-
rithm, multiple comparison experiments with different param-
eters combinations are set, and the results list in Table II. The
deviation refers to the optimal load deviation with the initial
load in terms of the time-coupled constraint (11) and expresses
it in a percentage form. Max deviation is the maximum value
that comes from one prosumer, while mean deviation is the
mean value of all prosumers. It is clear that the DIA can reduce
the flexible load deviation of the time coupled constraints, and
these combinations have similar results, among them, param-
eters [1, 2, 3], [1, 2, 3] have the best performance with the
comprehensive consideration of deviation, profit, and iteration
numbers. Therefore, the parameter combination is used in this
application.
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TABLE II
SENSITIVE ANALYZE OF PARAMETERS IN SOLUTION ALGORITHM

Fig. 13. The convergency curve of all prosumers in 24 time slots.

E. Analysis of Practical Feasibility and Computation Cost

The solving algorithm is implemented using a computer
with Intel Core i7-8700K CPU 3.7GHz, 32G memory, TITAN
XP GPU, 12G memory, and PYTHON3.6 with PyTorch was
used as the testing environment for the algorithm. Interfaces
can be designed in UEMS for prosumers to input their social
attributes data and load metering data. The load metering
data can directly download from the smart meters, and the
social attributes data can be collected by asking prosumers
when they use the UEMS or imported by the organizations
that design the social survey. Then the STGCN can be imple-
mented in each prosumer’s UEMS in a distributed way, so
that the privacy social attributes data is not required to share
with others and the computation efficiency is improved. The
stochastic game is also conducted in a distributed way with
only a few KB’s data exchanges between each prosumer and
ESP. The data is the prosumer’s load strategies that are set dur-
ing the game process, not include the historical load metering
data. Therefore, the privacy of prosumers can be guaranteed,
and energy sharing can be conducted in the existing smart grid
infrastructure. The information sharing is realized by the com-
munication system based on the wireless channels in private
4G/5G network with Virtual Private Network (VPN), as well
as equipment support of ESP and prosumers’ UEMS.

The convergency of the solving algorithm is illustrated
before, the iterative process including DIA stops until the
subjective utility and load strategies of all prosumers are
unchanged. In all the game stages, the maximum convergence

TABLE III
CALCULATION TIME IN LARGE-SCALE APPLICATION

iteration number is 15 in time slot 2, and the convergency
curve of all prosumers in 24 time slots is shown in Fig. 13.
Although the convergency results may not the ideal optimal
solution because of the heuristic mechanism, the results will
approach the ideal one, which possesses practical value in the
engineering application.

The proposed framework is distributedly conducted to sup-
port the scalability in the large-scale application, where the
STGCN learning process is implemented in each prosumer’s
UEMS. The learning time of each prosumer is 78.20s, and
the calculation time does not increase with the increment of
prosumers numbers because the number of UEMS increases
with the prosumers’ number. For the stochastic game process,
the calculation time increase with the prosumers number, and
the computation complexity is O(n). However, the calculation
process for the stochastic game is fast, the maximum iteration
time is 1.14s for the current 11 prosumers, which is far less
than one hour. The calculation time for many large-scale sce-
narios with more prosumers is listed in Table III. Although the
calculation time increase with the prosumers number, it still
within the second level even the prosumers number reach 352.
Therefore, the time consumption is also enough to conduct the
energy scheduling in the large-scale application.

VI. CONCLUSION

In this paper, we propose a data-driven stochastic game
model with social attributes for P2P energy sharing. We first
show the SP through STGCN, and the learning process is
based on the social survey data and load metering data The
results indicate the probability distribution of social pref-
erences is irregular and exhibit a similar characteristic of
previous load distribution. The comparison of the STGCN
network with other neural networks is also included. Then
we show the optimal results of dynamic prices, load strate-
gies, and utility through numerical verification, and study the
influence of social attributes compared with the rational sce-
nario. It is concluded that prosumers’ load strategies approach
to rationally optimum load to obtain greater utilities while
maintaining the original distribution characteristics due to their
social preference. The convergence and sensitivity analysis
of the solution algorithm and the scalability analysis of the
method is provided. Future research will deeply explore the
influence of prosumers’ social attributes on energy sharing by
modeling and accurate learning methods.
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