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The energy sector is undergoing a paradigm shift to integrate the increasing volume of embedded renewable
energy generation and create Local Energy Communities (LEC). Peer-to-Peer (P2P) energy trading is an
encouraging paradigm used to increase usage of renewable energy, decrease consumers’ electricity bills, and
provide revenue to prosumers. It also improves the usage of Distributed Energy Resources (DERs) in the smart
grid and reduces transmission and distribution losses. However, challenges such as unpredictability and inter
mittency of DER’s may result in instability of P2P energy trading. In our work, we propose a cooperative game
theory framework to expedite stable trading algorithms and incentivize individual users. This trading algorithm
offers various priorities at each time interval depending on parameters such as geographic location, maximum
energy demand, maximum energy generated, and pricing mechanism. We have considered a grand coalition
whose objective is to maximize the coalition’s social welfare and ensure a win-win approach for both consumers
and prosumers. Hence the grand coalition made by the cooperative game is in Nash equilibrium as no peer wants
to perform the merge and split from its current location. In the proposed algorithm, LEC includes 100 players (50
prosumers and 50 consumers), a community energy storage system (CES), and 15 Electric Vehicle charging
points. The best operational output priority was also evaluated in this work for each time interval with associated
distributed solar PV and CES. Results strongly support that using the best suitable priority for each time interval
is beneficial rather than having one priority for an entire day. An economic analysis to distribute the revenue
generated from the grand coalition in a fair manner is analyzed in this work. From the economic evaluation, it is
apparent that prosumers have high revenue, and consumers save electricity bills when using the proposed
algorithm.

1. Background
Recently the Covid-19 pandemic has triggered energy sector
disruption than any other occurrence, leaving impacts that will be felt
for years to come. According to World Energy Outlook 2020 [1], global
energy demand has dropped by 5%, CO2 emissions related to energy by
7%, and energy expenditure by 18% due to the pandemic. The energy
sector is undergoing a paradigm shift to integrate the increasing volume
of embedded renewable generation with distributed solar PV at the
center of this modern power grid. According to [2], the EU have set
ambitious energy and climate targets of integrating up to 32% renew
able sources cutting greenhouse gas emissions by 40%, and increasing

energy efficiency by 32.5%.
With the significant growth of various renewable types in the energy
sector, such as solar rooftop panels, energy storage (ES), electric vehicles
(EV), and small wind turbines, our traditional unidirectional grid is
changing into a bidirectional smart grid [3]. In a conventional grid,
electricity is generated in large power plants, transmitted using longdistance transmission networks, and provided to end-users at a fixed
price. However, a smart grid allows the multidirectional flow of elec
tricity where generation can also be performed at the distribution side,
avoiding long transmission lines and fixed price distribution networks.
Enhanced information and communication technology (ICT) devices [4]
in the smart grid play a significant role in distributing electricity.
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Moreover, end-users on the distribution side can now actively control
their energy behavior. However, it is challenging to forecast the end
user’s behavior due to the unpredictable nature of renewable resources
and the intermittent nature of DERs, leading to dependability issues on
the distribution side. This shift transforms customers into prosumers
when a user manages several renewables and simultaneously produces
and consumes electricity [5].
A prosumer [6] is a consumer capable of generating energy using a
DER in their premises and trading excess energy to consumers in a dis
tribution network. They may sell the energy to other consumers at a
period of excess energy or pump it back into the main grid. A prosumer is
financially incentivized by other consumers in the network when selling
energy to consumers. The combination of prosumers and consumers in a
network forms a local energy community (LEC). However, many dis
tribution networks are not designed to handle the reverse power flows
occurring with a rise in distributed energy resources. This reverse power
flow can potentially endanger a power system’s stability by increasing
the bus voltage. Potential solutions to avoid such situations are therefore
given in the present work. ES sharing [7] is one such tool used in our
work to address this issue. Community energy storage (CES) provides
economic benefits to the user by allowing them to trade energy within
the LEC, as the trading price at which peers discharge CES is lower than
that of the grid tariff and the price at which peers charge the CES is
higher than the tariff offered by the grid.
One of the options for curbing the flow of surplus energy, which will
help maintain a dynamic equilibrium in the power grid between supply
and demand, is Peer-to-Peer (P2P) energy trading [8,9,10]. A peer can
be referred to as a single user or a group of users that can trade electricity
directly with other peers in the community. The energy demand of the
consumers, called deficit energy, is fulfilled by the surplus energy
generated by prosumers in a community. However, in a case where there
is no surplus energy in the community, a peer asks for the deficit energy
from the grid. With the greater adoption of solar rooftop energy, the P2P
concept for energy trading was first introduced in 2007. Some of the
benefits of P2P energy trading, when compared to supplying energy to
the main grid, are as follows:

their actions. Here, non-cooperative does not imply that players do not
cooperate; it means that any cooperation in this type of game is not the
result of the coordination of players [17]. We have considered a coop
erative game theory mechanism in the present work, whose objective is
to increase the coalition’s total benefit. The trading algorithm aims to
scale up players in a grand coalition while maintaining a high precision
of revenue distribution to each player. Therefore, a secure technology
like blockchain [9,18] can be introduced in the network to offer all peers
the same access and anonymity.
2. Related literature and contribution
Several R&D projects with relation to P2P trading have been carried
out in recent years [19]. The authors of [20] identify and analyze the
core areas of P2P energy trading, including an analysis of current
research and industrial activities based on the most recent global growth
of P2P energy trading. An overview of the large and growing body of
literature on various P2P markets (full, community and hybrid), future
market potential development in this field, recommendations on busi
ness models and grid operation is discussed in [21]. However, this study
does not consider methods for integrating the P2P market with existing
wholesale and retail markets that will allow peers to switch from one
market to another as per its convenience. A detailed background of
various aspects of P2P is also discussed in [22], including identification
of the challenges that need to be addressed to scale up the P2P mecha
nism in the electricity market.
Different optimization methods for P2P system operation have been
considered. According to consumers preferences, the authors in [23,17]
demonstrated a P2P market structure using a multi-bilateral economic
dispatch (MBED) model for multi-bilateral trade. In [24], a two-stage
model for energy sharing in a community microgrid was demonstrated
where first, an optimization problem was used to decrease the energy
cost. Then rule-based control was applied by revising the control set
points. Using this two-stage analysis, the model reduced electricity bills
by 12.4% for consumers, and the revenue of prosumers increased by
57% annually. The authors of [25] investigated a peer-to-peer energy
trading scheme that takes advantage of social collaboration among
network prosumers. In [26] a two-stage optimization strategy to in
crease interaction and cooperation between prosumers and consumers
within a community is demonstrated. Based on prosumers preference,
authors in [27] proposed a model to trade energy between prosumers
and wholesale market to decrease the cost associated with losses and
storage using price direct optimization. For peer-to-peer energy ex
change, a motivational psychology system has been developed to in
crease prosumer engagement for those who have battery storage [28].
The authors suggested a coalition forming game that will assist each
participating prosumer to decide whether to place their battery in the
peer-to-peer energy trading market or not on an opportunistic basis.
More recently, attention has focused on a game-theoretic approach
to transforming the distribution network using P2P energy trading. The
literature on game-theoretic approaches is reviewed in [29], i.e. coop
erative games and non-cooperative games for P2P energy trading, en
ergy management of EV, DERs, storage domains and service domains. A
framework considering both cooperative game theory and noncooperative game theory is proposed in [30], where a pivotal player
acts as a controller to distribute revenue among the peers fairly. The
proposed approach uses a cooperative game so that small-scale pro
sumers can also survive in the market, and it automatically converges
from a non-cooperative game to a cooperative game approach.
In a study to investigate the feasibility of social cooperation between
prosumers [31], a canonical coalition game (type of cooperative game)
is used, where a group of prosumers makes a coalition to trade with each
other according to the mid-market price. However, the proposed trading
scheme does not consider multiple P2P trading platforms with each
proposing different pricing mechanisms for trading. The findings in [32]
show that cooperative mechanisms outperform the nucleolus in terms of

• Reducing the load and dependency on the power grid provides a winwin strategy [11] by choosing a trade price to be cheaper than the
time of usage (TOU) tariff for consumers and higher than the grid
tariff for prosumers [12].
• This trading model also referred to as the transactive grid, will allow
prosumers to make more revenue than buying/selling to the main
grid. Therefore, prosumers financial advantage can be improved
with the aid of P2P energy trading due to a negotiated price. With the
help of P2P trading, consumers can save their electricity bill [13]
when switching from buying electricity from peers rather than from
the grid at a lower price, and prosumers can generate higher revenue
when selling energy to the peers rather than to the grid.
• Since trading takes place over shorter distances, one of the most
significant benefits of P2P is greater use of power network capacity
and reduction of distribution and transmission losses.
Game theory [14] is a mathematical tool to study strategic situa
tions where players are free to choose the most acceptable economic
result for themselves. Because of its function of solving complicated
interactions between provider and receiver, it is a commonly used
method for local energy markets(LEM) [15]. Cooperative game theory
and non-cooperative game theory are the two primary forms of game
theory. Cooperative game theory-based schemes rely on the fair dis
tribution of the revenue first suggested in [16]. All the players in
cooperative game theory are in Nash Equilibrium, i.e., no player or
coalition can be economically better off by leave of the grand coalition.
A non-cooperative game examines the decision-making strategy of a
group of autonomous players in the game that have partially or entirely
opposing interests resulting from a decision-making process impacted by
2
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computational efficiency and also in terms of incentivizing prosumers to
stay in the grand coalition. Another study proposed a framework for
small-scale energy trading using a flexible hybrid P2P model based on
transactions between communities and peers [33]. Each peer can change
its function at any moment, and both prosumer and producer peers can
provide their generated energy based on the price. On the other hand,
the authors of [34] proposed a dynamic model to trade depending on the
surplus and deficit energy in a day ahead energy trading process.
Authors in [35], used transaction zoning in distribution network to
trade energy according to bids and offers to avoid network constraints.
In a study to explore the feasibility of social cooperation between pro
sumers [31], authors used mid-market price for trading to form a stable
grand coalition. They found that the revenue of prosumers coming from
mid-market pricing provided more stable coalitions than any other
pricing mechanism. The assumption in most present systems is that a
buyer pays the same price per unit of energy to all providers at any given
moment. However, a discriminating pricing approach based on game
theory is investigated in [36]. The focus is on determining fairness
standards to maximize total benefits to end users and guarantee an en
ergy trading system free of envy. In [37], an optimum pricing scheme is
proposed with various priorities depending only on energy demand, i.e.
buyers with energy demand less than 25% of their peak demand, from
25% to 75% and more than 75% of their peak demand. A P2P energy
trading framework based on a coalition graph game is created in [38],
where prosumers create a coalition to negotiate based on energy
requirement and bidding price. However, no financial analysis to ensure
fair P2P power curtailment is considered. To minimize the total cost
daily, storage, shiftable loads, and local generation are used in [39].
Moreover, two methods (Nash Equilibrium and Shapely Value) are
compared to distribute the revenue generated. Another study [40] cre
ates their priority list based on incentive contracts to trade energy
analyzing different loads, such as residential, industrial, and commer
cial. The authors of [41] present a novel price calculating technique that
formalizes the challenge of setting retail rates as a multi-criteria opti
mization problem using a simulation-based optimization approach that
accounts for prosumer reactions.
Based on the recent literature and to the best of the author’s
knowledge, most of the significant research in P2P energy trading is
focused on optimization of a single parameter, such as energy demand,
transaction zoning, energy bill savings, while considering different
pricing schemes. In addition, most of the studies are either consumercentric or prosumer-centric, while coordination between the economic
benefits of both consumers and prosumers is not investigated. This paper
addresses this gap and advances the state-of-the-art by proposing a novel
framework for a local energy community (LEC) that effectively considers
various priorities for each time interval and selects the optimal scenario.
The framework determines the optimal priority for a grand coalition at
each time interval according to factors such as maximum revenue
generated, savings in electricity bills, and number of transactions. The
trading priorities considered allow peers to trade energy based on en
ergy demand, energy generation, geographical distance, and optimal
pricing scheme. Thus, the contributions of the paper can be summarized
as follows:

consumers’ electricity bills when buying energy from prosumers in
the distribution network.
• We demonstrate and evaluate our mechanism on an IEEE European
low voltage test feeder dataset based on the electricity consumption
and solar generation of 100 households and 15 EV charging points,
all connected to a community energy storage (CES). The results are
analyzed for the best priority of the formed grand coalition over 24 h.
Results show that peers can get the best economic benefits if the
trading is done according to geographical distance and price during
daytime, and maximum energy demand and generation at night.
2.1. Paper organization
The remaining part of the paper is arranged as follows: Section 3
describes the system model. Section 4 introduces the algorithm for
coalition creation in P2P trading and illustrates the algorithm’s flow
with various priorities. Results are analyzed in Section 5, accompanied
by discussions. Lastly, Section 6 concludes the paper with recommen
dations for future work.
3. System model
To consider a system model for a low voltage distribution network,
we consider the proposed LEC considering peers, smart meters,
distributed solar PV, CES, EV charging points and aggregator that is
presented in this section:
3.1. Peer
A peer can be referred to as a single user or a group of users that can
trade electricity directly with other peers in the community. A peer can
be a consumer or prosumer in a distribution network. Depending on the
energy gap between distributed solar PV generation and household en
ergy usage, a prosumer would first satisfy their own demand and then
share the surplus energy with other network users. In the system model
presented and shown in Fig. 1, we are considering 100 peers, out of
which 50 peers have installed distributed solar rooftops of 5 kW each
and 50 peers are consumers. Each peer has a smart meter mounted to
provide the aggregator generation and consumption patterns built in a
24 h load profile format. Smart meters simultaneously track documents
and transmits data to the aggregator. The smart meter also records the
location and tells the time of use tariff by serving as a two-way contact
between peers and aggregator. More smart meters are mounted in the
CES system and EVs to access the batteries state of charge. The average
power consumption and peak power consumption of the 100 peers in the
LEC is 38 kW and 86 kW, respectively, using 5 min time intervals.

• This paper proposes a cooperative game theory-based framework for
peers to interact and trade energy in a LEC. The proposed framework
aims to encourage all peers to form a grand coalition by maximizing
economic benefits for both prosumers and consumers.
• The study develops an algorithm that helps the aggregator to select
the best priority according to energy demand (Priority A),
geographical distance (Priority B), or trading price (Priority C).
Within the selected priority, the algorithm also facilitates the peers to
decide whether to charge or discharge the community energy storage
(CES) to contribute to the proposed P2P energy trading.
• We also evaluate revenues for prosumers earned from trading energy
to other peers in the distribution network, along with the savings in

Fig. 1. Proposed Local Energy Community (LEC) having 100 users divided
equally into prosumers and consumers, CES to fulfil energy demand during
nighttime and 15 EVs charging points.
3
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3.2. Community storage

MW, which is enough to fulfil the LEC demand at night as well as when
no generation is possible.

As discussed above, one frequent option to curb surplus energy is to
export excess distributed solar PV power to the grid. However, if
distributed solar PV becomes more widely used, the export of energy
from numerous households to the main grid at peak generation periods
may produce grid imbalances and peak contingencies, resulting in extra
system expenses. Furthermore, because export tariffs are generally
lower than purchase energy costs in trading, the value of selfconsumption or P2P trading of solar electricity for a peer is typically
considerably more significant than the benefits from exporting elec
tricity to the grid. Therefore, in the proposed system model, prosumers
choose to discover new ways to enhance their P2P trading, such as
charging CES after fulfilling the energy demand of LEC. When there is no
surplus energy to charge the CES by distributed solar PV, the main grid
will charge the CES. It should be noted that the grid will charge the CES
only if the available capacity goes down to 30%.
If prosumers excess energy does not match the consumers’ energy
demand, the energy can be exported to or imported from the CES in
charging and discharging, respectively. Hence, a prosumer either trades
energy to other peers or charge the CES at a time interval T. As the PV
generation is higher during daytime than at night, thus allowing all
prosumers to join together in the supplier mode, which implies that the
maximum number of prosumers is self-sufficient and will have surplus
energy, which can charge the CES. However, as the surplus energy de
clines during nighttime, the energy demand rises, and the reliability of
energy trading within the LEC using distributed solar PV also decreases.
Hence, consumers need to take electricity from the CES or main grid to
satisfy their energy demand. The community battery’s capacity, state of
charge, the overall capacity to charge and discharge it, and the network
limit for transmitting energy are all taken into account when charging
and discharging the battery. The power balance between generated
energy and P2P energy traded can be expressed as:
∑ (
)
Min
PN Ed , ES , Wc , Wp + B(Chg, Dhg)
(1)
V

3.3. Electric vehicles
There are 15 EV charging points assumed in the system model for
LEC. EVs are charged directly from CES. At each time interval, a fixed
price by the aggregator for EV to take energy from CES is calculated.
According to the data used for the system model, most EVs get charged
at night.
3.4. Aggregator
As the framework works as a centralized market, an aggregator
communicates with each peer or entity involved in peer-to-peer energy
trading. It decides the energy import/export of the peers or the oper
ating state of the devices among the peers based on the information
gathered from the peers. An aggregator oversees the trading network
and management, operation, exchange, and transfer of revenue gener
ated by P2P energy trading. Advantages of a centralized market are: (a)
an aggregator will help optimise the system model’s social welfare and
choose social welfare as the optimization function; (b) with the
centralized market, the aggregator can manage energy generation and
demand patterns resulting in less uncertainty. This is because, unlike
distributed or decentralized markets, the aggregator (coordinator) has
direct control over the operational state of peers.
A time interval is set by the network aggregator that can be 5, 15 or
30 min. At a time interval T, if the user has no excess energy, it acts as a
consumer and informs the aggregator about its electricity demand, Ed .
Similarly, if a user can generate excess energy after completing its own
demand, it works as prosumer and informs the aggregator about the
extra energy, Es .
A prosumer will first meet their demand and then share the surplus
energy with other network users, depending on the energy difference
between distributed solar PV generation and household energy con
sumption. Each peer with a solar panel acts as a prosumer, and their
excess energy is distributed to other peers in the network or to the CES. A
prosumer can also act as a consumer at a specific time interval T if the
energy generated is less than the energy demand. Hence, the aggregator
calculates an energy balance for all peers and assigns all peers as a
prosumer or a consumer accordingly. When a peer with an energy deficit
(consumer) receives a transaction request from a peer with an energy
surplus (prosumer), it first decides if the energy shown for the trans
action is sufficient to satisfy the energy demand. If this is the case, the
peer acting as a supplier will send a confirmation message to the receiver
peer, confirming the transaction. Otherwise, it sends a termination let
ter, and the recipient will send a transaction request to another peer
before all the conditions are met. All the network consumers try to
complete their energy demand by purchasing from prosumers at a
calculated trading price rather than getting from the main grid or CES.
When prosumers do not generate any energy from distributed solar PV
during night, all peers will act as consumers and trade energy from the
CES. Properties of forming a grand coalition using cooperative game
theory to properly execute peer-to-peer energy trading are as follows
[15]:

N∈∅

∑
s.t. Ed + ES +Wc − Wp = 0;

Ed = 0
N∈∅b

∑

∑
Wc x Deficit energy = Dhg;

N∈∅b

Wp x Surplus energy = Chg
N∈∅s

(
)
Here PN Ed , ES , Wc , Wp are decision variables for energy trading, Wc
and Wp denote the willingness factors of consumer and prosumer,
respectively, and is calculated at each time interval. Let us assume the
energy demand of the consumer at time interval t is Ed and surplus en
ergy of the prosumer is Es . Willingness factors help identify users willing
to trade in the P2P market (Wc , Wp = 1) or not (Wc , Wp = 0). PN in the
above equation expresses the cost dependent on decision variables.
B(Chg, Dhg) is the parameter for charging and discharging the CES.
Utility 1 (U01 ) refers to the state when batteries are discharged to
complete the community’s energy demand, and Utility 2 (U02 ) refers to
the condition in which batteries are charged when surplus energy is
greater than the energy demand.
]
[
U01,s (t) = k Ec (t)xC − 0.5xSx(Ec (t))2 − (d + Pc )Ec (t)
(2)
[
]
U02,d (t) = k Ed (t)xSoC − 0.5xSx(Ed (t))2 + (Pd − d)Ed (t)

• Superadditivity: The establishment of a grand coalition must benefit
all coalition consumers and prosumers, i.e., trading P2P should be
better than trading with the main grid. As a result, both types of peers
want to maximize the coalition’s total social welfare. To do so,
however, the value function υ must be superadditive, which implies
that the overall revenue gained by a group of peers by forming the
grand coalition must be at least equivalent to the total benefit gained
by trading independently.
• The core: All revenue should be distributed fairly among all peers in
the coalition. This revenue may be distributed in P2P energy trading

(3)

The goal of calculating Pc (charging price for unit energy at time
interval T) and Pd (discharging price for unit energy at time interval T) is
always to measure the maximum and minimum cost to use CES, where k
is a scaling factor (0 ≤ k ≤ 1), Ec (t) is total energy charged by all peers at
time t, Ed (t) is total energy discharged by all peers at time t, and C is the
accessible capacity of the CES, S is satisfaction factor (which is always
greater than 0), d is degradation cost per kWh and state of charge is
denoted by SoC. The size of CES in the system model presented is 15
4
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by appropriately changing the trading price (TP) such that no sub
group of peers can earn more significant income by the merge and
split method. The core of a coalition is the possible distribution of
this revenue among members, and if the core of a coalition is
nonempty, no group of peers has any reason to leave that coalition.
• Stability: When all peers receive their essential revenue, no one
wants to leave the coalition, keeping it stable. As a result, all network
consumers continue to engage in P2P energy trading.
4. Proposed algorithm for stable coalition formation using
various priorities
In this section, an algorithm is proposed to help the peers in the
network to select one of the priorities from the available options at each
time interval T. Priorities presented in this work are based on maximum
energy demand, maximum energy generation, geographical distance
between 2 peers and lowest price. The aggregator is responsible for
setting up the priorities, managing the transaction between peers,
scheduling energy at each time interval, and balancing the LEC’s energy
demand and generation. The aggregator assigned will ensure that energy
transactions are conducted in a timely and orderly manner. The number
of transactions depends on the selected priority and the energy required
to balance supply and demand. Each transaction can consist of 2 or more
peers. When forming pairs, a group of prosumers will deliver a single
consumer’s energy requirement when the generation from one prosumer
is not capable of completing the demand of one consumer. Similarly,
when demand is less than generation between peers, a single prosumer
will deliver to multiple consumers. Fig. 2 illustrates the flowchart of a
priority-based Peer-to-Peer energy trading algorithm to form a grand
coalition. We tackle the stability of the grand coalition by using the
concept of Nash Equilibrium. A coalition is said to be Nash stable if no
peer has incentive to move from its current state Sπ to join a different
state S’π or to trade alone. Overall, the trading algorithm follows three
critical steps in each time interval: Step 1 is to establish players as
consumers and prosumers with reference to the surplus and deficit en
ergy; Step 2 is to decide the role of CES in charging, discharging or
standby; Step 3 is for the selection of priorities (energy demand,
geographical distance, or lowest price).
Step1: Let us assume that N peers are ready to trade with each other
at a time interval T. Among N peers, there are prosumers denoted by NS,
and consumers represented by NB such that NS, NB ∈ N. All prosumers
first meet their own energy demand (Ed ) using the surplus energy
generated by distributed solar PV (Es ). Each peer in the network
broadcasts its address, surplus energy, energy necessity, timestamp,
state (provider or receiver), and price for exchanging energy with other
peers. Then, the algorithm calculates the difference between energy
demand and produced energy, i.e., surplus energy and the sum of all
peer’s surplus energy, denoted by α.
Step2: If distributed solar PV is inadequate to satisfy the LEC energy
needs, the aggregator will check whether energy can be bought from the
CES. When α is positive, the LEC will meet its own demand without
relying on energy from CES. However, when α is negative, the CES may
serve as a provider and helps the network fulfil its demand. This con
dition is most likely to arise during the night Hrs. when a DER would fail
to satisfy the entire community electricity demand. According to the
CES’s charging or discharging mode, the aggregator chooses whether to
use Utility 1(U01,s ) or Utility 2(U02,d ) as explained in section 3.2.
A detailed description of priorities applied in Step 3 is provided in the
following sections:

Fig. 2. Flowchart of the proposed algorithm for P2P energy trading using
cooperative game theory.

initiate an agreement for P2P trading. Priority A initiates by positioning
distributors and receivers in descending and ascending order, respec
tively. Once the system’s priority list is ready, the list is sent back to the
users to start trading. Let us assume that Ji is the first consumer in the Jn
list and Ii is the first prosumer in the In list. We can say that Jn In becomes
engaged in trading and make a pair. As a result, the Jn In pair can trade ’δ’
energy in the P2P market. Once the trade of δ energy is completed, the
algorithm checks the consumer’s energy demand and available excess
energy. If In still has surplus energy, i.e.ES ∕
= 0 after completing Jn de
mand, the algorithm allows In to establish a smart contract again with
the next highest demand consumer. Similarly, if consumer Jn demand is
not fulfilled by prosumer In , the algorithm allows Jn to establish a smart
contract with the next highest excess energy prosumer. The advantage of
this priority over others is that it benefits prosumers or selling electricity
with the highest demand, limiting the number of smart contracts ful
filled by a single supplier at the same time. This situation minimizes the
number of transactions between consumers and prosumers in each time
interval T. The financial savings of the recipient are more significant

4.1. Priority A (Energy demand)
Based on the information delivered to the aggregator by all parties,
the aggregator initiates a ranking system in priority A according to the
energy demand of consumers NB and excess energy available of pro
sumers NS . Here, prosumers prioritize high demand consumers to
5
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than the grid tariff of the primary grid. Increasing benefits will serve as a
motivation for high-energy-demand receivers to invest in the LEC-run
electricity market.

Considering the price mechanism described, the user earns a payback
value after providing excess energy to the consumers at each time in
terval T. The aggregator calculates different trading price for each
transaction. It should be noted that no two pair have same trading price.
A prosumer always tries to use its surplus amount of energy in trading
because a prosumer is well aware of the fact that the P2P energy market
can benefit more when compared to exporting to the grid.

4.2. Priority B (Geographical distance)
In this priority, a prosumer will always prefer to trade with the
consumer nearest to its location for the energy δ at time interval T.
Priority B distributors will export their excess electricity to consumers
using a rating scheme based on the geographical distance between the
sources of production and the demand. We assume that all the peers are
connected in a ring network. Therefore, surplus energy would be
delivered first to the consumption point (consumer) with the shortest
distance from the generation point (prosumer), followed by the other
closest consumers. After assembling the information, it is delivered to
the aggregator by both parties, and the aggregator initiates a ranking
system in priority B according to the distance between peers. A con
sumer will always tend to trade with the prosumer nearest to its
geographical distance for the energy δ at time interval T. Once the pri
ority list of both consumer and prosumer is ready, the list is sent back to
the users to start trading. Subsequently, the aggregator establishes a
smart contract between two parties (Jn and In ) based on the geograph
ical distance. As a result, the Jn In pair can trade δ energy in the P2P
market. Once all users trade is completed, the algorithm checks the
consumers energy demand and runs again until the demand or genera
tion is equal to zero. Priority A limits a prosumer to trade electricity with
the consumers only having high demand. However, priority B proposed
here gives an equal opportunity to trade with several consumers rather
than a consumer having high electricity demand. Hence, priority B
motivates small players to participate regularly in P2P trading compared
to other priorities. Priority B considers mid-market price (mid value of
buying price and selling price) for trading for all time intervals.

5. Results and discussion
Simulation Setup: In this section, we perform the simulation of 100
households in the proposed cooperative game theory for P2P energy
trading on the IEEE European Low Voltage Test Feeder [42]. The sim
ulations are based on 100 households, including 50 consumers and 50
prosumers, CES and 15 EV charging points. The dataset used is of 24 h,
where generation data is only available during the daytime due to the
nature of solar rooftop, and the energy demand of all the peers and EV
charging points is over 24 h. A prosumer will first meet their demand
and then share the surplus energy with other network users, depending
on the energy difference between distributed solar PV generation and
household energy consumption. A prosumer can also act as a consumer
at a specific time interval T if the energy generated is less than the en
ergy demand. When prosumers do not generate any energy from
distributed solar PV during the night, all peers will act as consumers and
trade energy from the CES. The grid tariff at which consumers can buy
power from the grid and the export price at which prosumers can sell
energy to the grid follows the California price structure: $ 0.20/kWh and
$ 0.09/kWh.
Fig. 3 displays the graph of energy generated from the solar rooftop
by 50 prosumers in LEC versus the energy demand of 100 peers in the
network. The common area of energy demand in red and energy
generated from blue shows the energy traded from time interval 50 to
240 using solar rooftop, representing CES is in charging mode. From
time intervals 0 to 50 and 240 to 288, CES will fulfil the demand of 100
users and will be in discharging mode. Fig. 4 shows the demand for 15
EV charging points that are charged using CES. We can see that EV gets
charged mainly during the night, and there is no demand from timeslot
90 to 160. Fig. 5 shows the experimental data of surplus and deficit
energy of all peers. The positive value indicates surplus energy, while
the negative value indicates deficit energy. From the graph, it can be
seen that there is significant surplus energy from time intervals 60 to
200, excluding a few time intervals where consumers tend to take energy
from the CES. Fig. 6 presents the results of the charging and discharging
pattern of CES in P2P energy trading. CES gets charged only from the

4.3. Priority C (Pricing mechanism)
The algorithm will initiate a pricing mechanism to calculate the
trading price for each pair in the network. In response, both prosumer
and consumer submit the input data required, such as the consumer’s
electricity demand Ed , buying price BP, surplus energy offered by the
prosumer ES , and selling price SP. After assembling the data from all
users, the information is announced to the aggregator. The willingness
factor of buyer and seller at each time interval must remain 1. In any
case, Wc , Wp is equal to zero, then trading of electricity will not take
place between two users. Trading price is depended on the energy
requirement, i.e., it is dependent on the load level. The trade price (TP)
in cooperative game theory will be set according to the grid selling and
buying energy prices (SP and BP), and it must fulfil the following con
dition: BP ≫ TP > SP. Instead of assuming a mid-market methodology to
calculate the trading price, which is used in literature, we introduced a
factor µ to make the framework more realistic. Due to this factor, trading
price is highly dependent on energy demand and surplus energy.
Moreover, it will help consumers save their electricity bill and pro
sumers generate revenue, creating a win-win approach for both. This
will push people to reduce their demand when surplus energy is low,
thus, acting as an incentive. Therefore, to find the trading price, μ is
defined as the ratio of prosumer surplus energy and consumer energy
demand:
• If the surplus energy is greater than the demand for a time interval T,
μ is greater than 1(µ >1), and the trading price is calculated as TP =
μ*0.5*(BP + SP).
• If the surplus energy is less than the demand for a time interval T, μ is
less than 1(µ < 1) and trading price is calculated as TP = μ*0.5*(BP
+ SP).
• If consumers demand is equal to the generation of prosumers, µ is
equal to 1 and TP = 0.5*(BP + SP)

Fig. 3. Demand and generation of 100 users.
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Table 1
P2P energy trading of Priority A, B and C at four different time intervals.
Time
(Hrs.)

Energy
demand
(kW)

PV
Generation
(kW)

Surplus
energy
after P2P
trade

Deficit
energy
after
P2P
trade

Charging/
discharging of
community
battery

0000
0600
1200
1800

6.86
18.09
35.60
54.86

0.00
29.78
50.90
27.77

0.00
11.69
15.30
0.00

6.86
0.00
0.00
27.09

− 6.86
11.69
15.30
− 27.09

Table 1 shows the energy demand, energy generated, surplus energy in
LEC, deficit energy in LEC and charging/discharging of CES for four
different time intervals from the 24 h analysis. The analysis was done for
288 timeslots, but we will show three representative time intervals to
compare trading under different conditions: 0600 Hrs. when solar PV
energy is available but the demand is low; 1200 Hrs. when both solar PV
and demand are relatively high and finally 1800 Hrs., when solar PV is
decreasing while load demand is increasing.

Fig. 4. Electric Vehicle demand of 15 charging points.

5.1. Priority A (Energy demand)
To evaluate the performance of priority A as explained in section 4,
we demonstrate our algorithm in Matlab and use the previously
described simulation data of 100 peers and CES. The recipient with the
highest energy demand will trade with the supplier with the highest
surplus energy at each time interval in this priority. The algorithm’s
output are the sorted consumers and prosumers according to their en
ergy demand and generation. Moreover, the algorithm provides infor
mation of pairs that can be formed with the peer number when using this
priority to help the aggregator distribute the revenue. Our simulation
window is 24 h.
Fig. 7(a, b) displays transactions of two different time intervals, i.e.,
0600 Hrs. in Fig. 7(a) and 1200 Hrs. in Fig. 7(b) that are selected to
compare with other priorities in this section. The green bar shows the
number of prosumers having specified excess energy, and the yellow bar
indicates the number of consumers deficit energy. According to Table 1,
at 0600 Hrs., total energy demand is 18.09 kW, energy generation is
29.78 kW, energy traded is 18.09 kW, and CES is charged as generation
is higher than demand. The surplus of distributed solar PV generation of
individual prosumers and CES is thus accessible to the rest of the LEC. At
0600 Hrs., 47 prosumers and 53 consumers were arranged according to
the energy demand and generation in descending order. The highest
energy generated by prosumer 1 at 0600 Hrs. is 0.7 kW, and the highest
energy demand of consumer ay 0600 Hrs. is − 3.8 kW. Hence, we can say
that prosumer 1 (Highest energy generated peer) alone cannot fulfil the
demand, and multiple prosumers are required to complete energy de
mand. Once the consumer’s energy demand having − 3.8 kW is
completed, prosumers will deliver energy to other consumers according
to their ranking system. Similarly, at 1200 Hrs., energy demand is 35.60
kW, PV generation is 50.90 kW, energy traded is 35.60 kW, and CES is
again charged as generation is higher than demand. From the graph, it
can be seen that there are 45 prosumers ready to trade energy with 55
consumers. The highest excess energy available to trade is 1.28 kW, and
the highest energy demand is − 2.8 kW. In contrast to earlier trans
actions, there will be fewer transactions to complete the highest con
sumers energy demand as the energy generation is also high at 1200 Hrs.
It should be noted that, as the energy level of prosumer and consumer
varies, the order of the maximum energy demand and maximum surplus
energy varies. Therefore, the circular graph keeps changing after each 5minute time interval. However, the prosumer number representing
household number within a ring network remains same for all time in
terval in circular graphs. We observe that the proposed algorithm re
duces the peer dependence on the CES and the main grid.
The circular graphs in Fig. 7(c, d) presents a directed graph of the

Fig. 5. Positive y-axis showing surplus power and negative.

Fig. 6. Charging and discharging pattern of CES y-axis showing deficit power.

solar rooftop, and consumers and EV charging points discharge it.
Three priority studies are considered as described previously for a
grand coalition in Nash equilibrium. The first priority considered pairing
the highest energy demand with the highest energy generated for energy
trading. The second priority allows a consumer to trade with the nearest
prosumer in the ring network. The third priority focuses on the lowest
price offered by the prosumer to exchange energy with the consumer.
7
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Fig. 7. Priority A (according to energy demand) based Energy trading at (a) 0600 Hrs. and (b) 1200 Hrs. with the circular graph (c, d) showing the energy transfer
from prosumers to consumers.

100 peers in the community (location marked on the graph represents
location relative to neighbours) for 0600 Hrs. in Fig. 7(c) and 1200 Hrs.
in Fig. 7(d). This graph illustrates how individual sets of peers interact
with each other through the most efficient path in terms of energy de
mand and generation. These circular graph illustrates the transfer of
energy from one peer to another. By circular graph, the aggregator and
peers can identify the details of energy sold and thus, revenue generated.
If two peers have the same amount of energy simultaneously, the one
with the shorter distance would be chosen for trading. It may be noted
that a transaction can be one to one (O2O), or one to many (O2M), or
many to one(M2O).

compare with priority A and C in this section. The green bar shows the
number of prosumers having specified excess energy, and the yellow bar
indicates the number of consumers’ deficit energy. It should be noted
that for this priority, no sorting was prepared. According to Table 1, at
1200 Hrs., energy demand is 35.60 kW, energy generation is 50.90 kW,
energy traded is 35.60 kW, and CES is charged as generation is higher
than demand. The surplus of distributed solar PV generation of indi
vidual prosumers and CES is thus accessible to the rest of the LEC. Ac
cording to Fig. 8(a), the energy generated by prosumer 1 (peer 1) at
1200 Hrs. is 0.2 kW, the energy demand of consumer 1 (peer 2) at 1200
Hrs. is − 0.2 kW, and the energy generated by prosumer 2 (peer 3) at
1200 Hrs. is 1.1 kW. After submitting the energy data to the aggregator,
the algorithm checks the n + k and n-k prosumers. As prosumer 1 can
complete the demand of consumer 1, a pair will be formed between peer
1 and 2, as illustrated in Fig. 8(c). Similarly, this methodology will
continue until the energy demand is completed for k = 1,2…49. Inter
estingly, a single prosumer can complete the demand of a single con
sumer in most of the transactions, which is not the case in priority A.
However, the condition is opposite at 1800 Hrs. as energy demand is
54.86 kW, energy generated is 27.77 kW, energy traded is 54.86 kW, and
CES is discharged because demand is higher than generation. As shown
in Fig. 8(b), peers 1&2 both act as consumers with the energy demand of
− 0.1 kW and − 0.2 kW, respectively. Referring to the energy data in the
figure, peer 3 acts as a prosumer having surplus energy of 0.4 kW, which
is enough to fulfil the demand of consumers 1 and 2. Additionally, the
left 0.1 kW surplus energy is traded with consumer 3 (peer 4) in the
circular graph Fig. 8(d). At 1800 Hrs., the energy situation shifted
drastically when the need for energy surpassed the supply. However, as

5.2. Priority B (Geographical distance)
Priority B results strongly depend on the geographical distance be
tween two peers and the network infrastructure, which is in a ring
format in this case. Let us take an example; when peer 50(n) is used as
the index, peers 49 and 51 will receive the highest trading preference.
Until the trade is completed, this loop will continue to do transfers
from n + k and n-k houses before the trade is completed, where k = 1,2
… 49. Two time intervals, i.e., 1200 Hrs. and 1800 Hrs., were used to
illustrate this priority. The prosumer can send surplus energy to the
consumer in priority B based on the shortest distance between a gen
eration point and a consumption point. If two peers are at the same
distance from the receiver simultaneously by chance, the one with the
most surplus energy would be favoured.
Fig. 8(a, b) displays transactions of two different time intervals, i.e.,
1200 Hrs. in Fig. 8(a) and 1800 Hrs. in Fig. 8(b) that are selected to
8
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Fig. 8. Priority B (according to geographical distance) based energy trading at (a) 1200 Hrs. and (b) 1800 Hrs. with the circular graph (c, d) showing the energy
transfer from prosumers to consumers.

demand is higher than generation, multiple prosumers tend to complete
the demand of single consumers, as shown in Fig. 8(d). As a result, peers
with the shortest network distance from the prosumers can trade first,
followed by CES discharge. It should be noted that, as the energy level of
prosumer and consumer varies, the order of the maximum energy de
mand and maximum surplus energy varies. Therefore, the circular graph
keeps changing with transaction O2O, O2M, and M2O at each 5 min
interval. However, the prosumer number representing household num
ber within a ring network remains same for all time interval in circular
graphs.

two peers bid the same price simultaneously by chance, the one with the
most surplus energy would be favoured.
At 1800 h, energy demand is 54.86 kW, energy generated is 27.77
kW, energy traded is 54.86 kW, and CES is discharged because demand
is higher than generation. Fig. 9(a) shows the bar graph for priority C at
1800 h, where consumers and prosumers are arranged according to their
trading price. However, we can see peer 78 acting as prosumer and
providing surplus energy to the number of consumers as illustrated in
the circular graph. Peers 26, 37 and 71 show the same result acting as a
prosumer since they provide best trading price. Whereas at 0600 Hrs,
energy demand is 18.09 kW, energy generation is 29.78 kW, energy
traded is 18.09 kW, and CES is charged. However, the number of
transactions was much higher at 0600 h than 1800 Hrs., shown in the
circular graph. It should be noted that, as the energy level of prosumer
and consumer varies, the order of buying price and selling price varies.
Therefore, the circular graph keeps changing with change in price due to
the factor μ for each 5 min interval. However, the prosumer number
representing household number within a ring network remains same for
all time interval in circular graphs.

5.3. Priority C (Pricing mechanism)
Priority C mechanism provides consumers with the best trading price
and enables prosumers to generate more overall revenue. The cooper
ative game complies with the issue of individual interest and fully le
verages the grand coalition, thereby improving the total revenue of all
the users in a coalition. Energy trading according to the buying price and
selling price are analysed using priority C in Fig. 9. There are two
different time intervals considered, i.e., 1800 Hrs. and 0600 Hrs. It is
found that the energy demand is higher than solar generation at both the
time intervals selected when compared to other times in the day. The
green bar on the positive y-axis denotes the excess energy of specified
household numbers after completing their own demand, and the yellow
bar represents the energy demand of consumers. Prosumers indicated by
the green bar are placed according to their selling price, and consumers
indicated by the yellow bar are placed according to their buying price. If

5.4. Economic analysis
Fig. 10 displays the comparison between the revenue prosumers get
from P2P energy trading and supplying excess energy to the main grid. It
is evident from the graph that prosumers earn more in grand coalition
using cooperative game theory. The total revenue generated for a day is
$174 when supplying to other peers in the network in a grand coalition.
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Fig. 9. Priority C (according to pricing mechanism) based Energy trading at (a) 1800 Hrs. and (b) 0600 Hrs. with the circular graph (c, d) showing the energy transfer
from prosumers to consumers.

Fig. 10. Revenue of prosumers from P2P trading.

Fig. 11. Saving in the bill of consumers from P2P trading.

Whereas, if all the excess energy is transferred to the main grid at the
constant grid tariff, the total revenue generated is $108. Fig. 11 shows
that consumers in LEC achieve high-cost savings compared with directly
taking from the main grid using consumption tariff. The total electricity
bill of consumers when trading with peers is $174 compared to the
electricity bill of $241 from the main grid. Therefore, the results in
Figs. 10 and 11 emphasize the significant revenue savings of forming a
grand coalition with respect to the individual peer optimization of
payoff. Thus, the proposed algorithm can achieve high savings for peers
with distributed solar PV installed in their households, decrease energy
costs, and create a win-win approach for providers and receivers.

5.5. Simulation evaluations
Selection of priority: Fig. 12 summarizes the selection of best pri
ority at each time interval according to P2P energy traded and the
number of transactions used to complete the demand of LEC. The
comparison of the priorities obtained for three different trading strate
gies demonstrates the selection of priority done by the aggregator with
reference to the priority selected by the peers in the community. It shows
that the aggregator selects priority A (energy demand) mainly at the
beginning of the day and towards the end of the day due to less gener
ation from solar PV. In contrast, priority B (geographical distance) is
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Fig. 12. Selection of priority for each time interval according to.

selected in the peak Hrs., mostly when energy traded is high. This is
because priority B allows fulfilling the demand of consumers from the
nearest prosumers available. However, the main priority used is C dur
ing the daytime by the aggregator to increase the grand coalition’s
revenue.
Available capacity: The battery’s charging and discharging pattern
reveal that the battery has ample time throughout the day to charge up
to 80% and that the battery’s lowest energy is maintained above 35%, as
shown in Fig. 13. As we assumed in the system model, the grid will
charge the CES if the available capacity falls below 30%. However, ac
cording to the 24-hour data, CES did not go below 35%, and no charging
was needed from the main grid. Distributed solar PV ceases producing
between time intervals 200 and 60, and peers can satisfy demand by
discharging CES or importing it from the grid, which is the last option.
During the day, PV begins to generate electricity, and the surplus power
will meet LEC’s total demand, allowing the community battery to be
charged for revenue by P2P trading.
Fig. 14 depicts the total demand profiles of consumers and EV
charging stations. It can be observed that EV charging points are during
non-generation Hrs.; hence the total demand increases simultaneously.
The total demand of the LEC is 13 MW, where consumer demand is 11
MW for 24 Hrs. and EV demand is 2 MW. In order to illustrate the
consumption pattern of LEC, a comparative analysis with cooperative
game theory is presented in Fig. 15. The blue bar shows CES’s con
sumption, and the red bar indicates the consumption from the solar
rooftop with the total load displayed from the black line plot. Load flow
inside the network increases by adequately coordinating CES and
distributed solar PV Peer-to-Peer trade, hence decreasing the cost.

Fig. 14. Total user demand and EV demand of LEC.

Fig. 15. Consumption from solar rooftop and CES.

6. Conclusion and future work
In this work, a cooperative game theory model for P2P energy
trading is proposed, aiming to provide choices to users to select priority
for each time interval T, enhancing the utilities of prosumers and con
sumers. This method encourages users to participate more in trading to
establish smart contract according to their preference. This work con
siders the cooperative game theory framework to form a grand coalition
to maximize the total revenue. At every time interval, all the peers who
want to engage in energy trading form a grand coalition in an integrated
set-in order to maximize their revenue. The proposed work shows a
detailed analysis of the user preference at each time interval using the
simulation result, making this algorithm appropriate to a typical dis
tribution network. The total revenue generated at each time interval by
grand coalitions is distributed fairly among peers in the network. A
grand coalition’s main objective is that no peer cannot be better off
deviating and developing a new coalition and therefore provide stabil
ity. As a result, coalitions should have a Sustaining utility and a Satis
faction level, allowing each LEC member to actively engage in coalitions
and achieve their desired level of satisfaction, ensuring that no peer
wants to leave the market. Three priority-based simulations are applied
in the LEC, and priority B is shown to have adequate valuation perfor
mance. The approach of this work is to create a win-win strategy for
consumers and prosumers that is shown in the economic analysis. Re
sults highlight the best priority for forming a grand coalition concerning

Fig. 13. Available capacity of CES at each time interval energy demand and
number of transactions.
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energy demand and the number of transactions. We then observe the
charging and discharging pattern of CES when user demand and EV
demand are fulfilled. CES is capable of fulfilling the entire demand of
peers and EV at night time and therefore, LEC works in island mode. A
stabilizing revenue distribution mechanism is proposed to improve the
scalability of the cooperative game theory-based trading algorithm. The
distribution of the revenue is done so that no user or a group of users is
better off departing from the grand coalition. The proposed trading al
gorithm focuses on various priorities for the users and does not consider
actual distribution network constraints in this work. A potential exten
sion of the proposed framework is to investigate network challenges like
power losses, voltage profile, line flow and reactive power requirements,
all of which still need to be tackled for the application of the cooperative
energy management system. Thus, it would be an essential area for
future work on a larger scale.
To implement practical applications, the following interventions
could be made to the proposed framework:

Declaration of Competing Interest
The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.
Acknowledgements
This publication has emanated from research supported in part by a
grant from Department of Business, Enterprise and Innovation, under
the Government of Ireland’s Project 2040, co-funded by the European
Regional Development Fund, and also by a grant from Science Foun
dation Ireland under Grant Number SFI/12/RC/2289_P2. For the pur
pose of Open Access, the author has applied a CC BY public copyright
licence to any Author Accepted Manuscript version arising from this
submission.
References

• Aggregator: The proposed framework explains how aggregators may
include P2P energy trading into investment and operational choices
to generate value across many policy dimensions. However, aggre
gators must create an appropriate incentive regime to guarantee that
this is in the aggregator’s best interests when creating a competitive
market between consumers and prosumers. Overall cost savings of
consumers and revenue generation of prosumers should be rewarded
equally, and performance objectives should stimulate innovation.
• Technologies: To support fully decentralised P2P exchanges, a
distributed ledger technology like blockchain can be used. A secure
technology like blockchain can be introduced in the network to offer
access and anonymity to all peers. Moreover, there has been sub
stantial interest from the distribution network companies in the
possibility for machine learning-based advances to offer lower
computational burden and the capacity to learn within complicated
environments. Combining various upcoming technologies with the
proposed framework to harness their respective benefits might be a
viable avenue for building robust and scalable inter-platforms.
• DERs forecasting: Accurately forecasting the prosumer generation
with a P2P energy trading framework is critical for successfully
integrating the distribution system. The level of integrated renew
able sources needs to be found out to forecast the generation from
DERs accurately. P2P energy trading systems will offer more
dependable and localized coordination, opening new value streams if
they can use more precise models and forecast the behaviours of
smaller groups of prosumers.
• Policies: It is essential to put P2P energy trading models into current
energy policy to understand market rules that are allowed, which
will further make revenue distribution clearer. Furthermore, the
relationship between P2P markets and conventional energy markets
should also be considered. Energy policy lags behind technical ad
vancements. New technologies mentioned above are developing fast
and have not settled yet, so it is still unclear how regulatory schemes
must follow the need for technological changes. Changes in DSO
regulations should also be considered to link it with new P2P projects
coming in future.

[1] IEA. World Energy Outlook 2020 -Summary. Report 2020:1–25.
[2] European Commission. Clean energy for all Europeans. Euroheat Power (English
Ed.) 2019;14:3. https://doi.org/10.2833/9937.
[3] Fang Xi, Misra S, Xue G, Yang D. Smart grid - The new and improved power grid: A
survey. IEEE Commun Surv Tutorials 2012;14(4):944–80. https://doi.org/
10.1109/SURV.2011.101911.00087.
[4] Liu X. The Sharing Economy-Why People Participate in Collaborative
Consumption.pdf: A New Method to Enhance. J Am Soc Inf Sci Technol 2013;64:
1852–63. 10.1002/asi.
[5] Lampropoulos I, Vanalme GMA, Kling WL. A methodology for modeling the
behavior of electricity prosumers within the smart grid. IEEE PES Innov Smart Grid
Technol Conf Eur ISGT Eur 2010:1–8. https://doi.org/10.1109/
ISGTEUROPE.2010.5638967.
[6] Rajabpour M, Glass A, Mulligan R, Mandayam NB. Prosumer Behavior: Decision
Making with Bounded Horizon. Adv Data Anal Power Syst 2021:524–44. https://
doi.org/10.1017/9781108859806.028.
[7] Tushar W, Chai Bo, Yuen C, Huang S, Smith DB, Poor HV, et al. Energy Storage
Sharing in Smart Grid: A Modified Auction-Based Approach. IEEE Trans Smart Grid
2016;7(3):1462–75. https://doi.org/10.1109/TSG.2015.2512267.
[8] Tushar W, Saha TK, Yuen C, Smith D, Poor HV. Peer-to-Peer Trading in Electricity
Networks: An Overview. IEEE Trans Smart Grid 2020;11(4):3185–200. https://doi.
org/10.1109/TSG.2020.2969657.
[9] Paudel A, Chaudhari K, Long C, Gooi HB. Peer-to-peer energy trading in a
prosumer-based community microgrid: A game-theoretic model. IEEE Trans Ind
Electron 2019;66(8):6087–97. https://doi.org/10.1109/TIE.2018.2874578.
[10] Malik S, Vyas S, Datta A, Ahl A. P2P Trading using DERs: A Holistic View of Global
Practices and Pioneering Efforts in India 2019:4–9.
[11] Zhou Y, Wu J, Long C, Cheng M, Zhang C. Performance Evaluation of Peer-to-Peer
Energy Sharing Models. Energy Proc 2017;143:817–22. https://doi.org/10.1016/j.
egypro.2017.12.768.
[12] Zhou Y, Wu J, Long C. Evaluation of peer-to-peer energy sharing mechanisms
based on a multiagent simulation framework. Appl Energy 2018;222:993–1022.
https://doi.org/10.1016/j.apenergy.2018.02.089.
[13] Liu T, Tan X, Sun B, Wu Y, Guan X, Tsang DHK. Energy management of cooperative
microgrids with P2P energy sharing in distribution networks. 2015 IEEE Int Conf
Smart Grid Commun SmartGridComm 2015 2016:410–5. https://doi.org/
10.1109/SmartGridComm.2015.7436335.
[14] Dufwenberg M. Game theory. Wiley Interdiscip Rev Cogn Sci 2011;2(2):167–73.
https://doi.org/10.1002/wcs.119.
[15] Tushar W, Yuen C, Mohsenian-Rad H, Saha T, Poor HV, Wood KL. Transforming
energy networks via peer-to-peer energy trading: The potential of game-theoretic
approaches. IEEE Signal Process Mag 2018;35(4):90–111. https://doi.org/
10.1109/MSP.2018.2818327.
[16] Lee W, Xiang L, Schober R, Wong VWS. Direct electricity trading in smart grid: A
coalitional game analysis. IEEE J Sel Areas Commun 2014;32(7):1398–411.
https://doi.org/10.1109/JSAC.2014.2332112.
[17] Saad W, Han Z, Poor H, Basar T. Game-theoretic methods for the smart grid: An
overview of microgrid systems, demand-side management, and smart grid
communications. IEEE Signal Process Mag 2012;29(5):86–105. https://doi.org/
10.1109/MSP.2012.2186410.
[18] Brilliantova V, Thurner TW. Blockchain and the future of energy. Technol Soc
2019;57:38–45. https://doi.org/10.1016/j.techsoc.2018.11.001.
[19] Zhang C, Wu J, Long C, Cheng M. Review of Existing Peer-to-Peer Energy Trading
Projects. Energy Proc 2017;105:2563–8. https://doi.org/10.1016/j.
egypro.2017.03.737.
[20] Zhou Y, Wu J, Long C, Ming W. State-of-the-Art Analysis and Perspectives for Peerto-Peer Energy Trading. Engineering 2020;6(7):739–53. https://doi.org/10.1016/
j.eng.2020.06.002.
[21] Sousa T, Soares T, Pinson P, Moret F, Baroche T, Sorin E. Peer-to-peer and
community-based markets: A comprehensive review. Renew Sustain Energy Rev
2019;104:367–78. https://doi.org/10.1016/j.rser.2019.01.036.

CRediT authorship contribution statement
Sweta Malik: Conceptualization, Methodology, Software, Writing –
original draft. Maeve Duffy: Methodology, Validation, Investigation,
Visualization. Subhasis Thakur: Methodology, Formal analysis, Project
administration. Barry Hayes: Resources, Data curation. John Breslin:
Writing – review & editing, Supervision, Funding acquisition.

12

S. Malik et al.

International Journal of Electrical Power and Energy Systems 137 (2022) 107865

[22] Tushar W, Yuen C, Saha TK, Morstyn T, Chapman AC, Alam MJE, et al. Peer-topeer energy systems for connected communities: A review of recent advances and
emerging challenges. Appl Energy 2021;282:116131. https://doi.org/10.1016/j.
apenergy.2020.116131.
[23] Sorin E, Bobo L, Pinson P. Consensus-Based Approach to Peer-to-Peer Electricity
Markets with Product Differentiation. IEEE Trans Power Syst 2019;34(2):
994–1004. https://doi.org/10.1109/TPWRS.2018.2872880.
[24] Long C, Wu J, Zhou Y, Jenkins N. Peer-to-peer energy sharing through a two-stage
aggregated battery control in a community Microgrid. Appl Energy 2018;226:
261–76. https://doi.org/10.1016/j.apenergy.2018.05.097.
[25] Tushar W, Saha TK, Yuen C, Azim MI, Morstyn T, Poor HV, et al. A coalition
formation game framework for peer-to-peer energy trading. Appl Energy 2020;261:
114436. https://doi.org/10.1016/j.apenergy.2019.114436.
[26] Jiang A, Yuan H, Li D. A two-stage optimization approach on the decisions for
prosumers and consumers within a community in the Peer-to-peer energy sharing
trading. Int J Electr Power Energy Syst 2021;125:106527. https://doi.org/
10.1016/j.ijepes.2020.106527.
[27] Morstyn T, Mcculloch MD, Member S. Multi-Class Energy Management for Peer-toPeer Energy Trading Driven by Prosumer Preferences. 2354a–2354al IEEE Trans
Power Appar Syst 2008;PAS-98. https://doi.org/10.1109/tpas.1979.319435.
[28] Tushar W, Saha TK, Yuen C, Morstyn T, McCulloch MD, Poor HV, et al.
A motivational game-theoretic approach for peer-to-peer energy trading in the
smart grid. Appl Energy 2019;243:10–20. https://doi.org/10.1016/j.
apenergy.2019.03.111.
[29] Mohsenian-rad H, Saha T, Poor HV, Wood KL. Transforming Energy Networks via
Peer-to-Peer Energy Trading. IEEE Signal Process Mag 2018;35:90–111.
[30] Amin W, Huang Q, Afzal M, Khan AA, Umer K, Ahmed SA. A converging noncooperative & cooperative game theory approach for stabilizing peer-to-peer
electricity trading. Electr Power Syst Res 2020;183:106278. https://doi.org/
10.1016/j.epsr.2020.106278.
[31] Tushar W, Saha TK, Yuen C, Liddell P, Bean R, Poor HV. Peer-to-Peer Energy
Trading With Sustainable User Participation: A Game Theoretic Approach. IEEE
Access 2018;6:62932–43. https://doi.org/10.1109/ACCESS.2018.2875405.
[32] Li J, Ye Y, Papadaskalopoulos D, Strbac G. Computationally Efficient Pricing and
Benefit Distribution Mechanisms for Incentivizing Stable Peer-to-Peer Energy

[33]
[34]
[35]
[36]
[37]
[38]
[39]

[40]

[41]
[42]

13

Trading. IEEE Internet Things J 2021;8(2):734–49. https://doi.org/10.1109/
JIOT.2020.3007196.
Moreno R, Hoyos C, Cantillo S. A framework from peer-to-peer electricity trading
based on communities transactions. Int J Energy Econ Policy 2021;11:537–45.
https://doi.org/10.32479/ijeep.11077.
Rao BH, Arun SL, Selvan MP. Framework of locality electricity trading system for
profitable peer-to-peer power transaction in locality electricity market. IET Smart
Grid 2020;3(3):318–30. https://doi.org/10.1049/iet-stg.2019.0131.
Kim HJ, Song YH, Kim SW, Yoon YT. Implementation of peer-to-peer energy
auction based on transaction zoning considering network constraints. J Int Counc
Electr Eng 2019;9(1):53–60. https://doi.org/10.1080/22348972.2019.1619254.
Tushar W, Yuen C, Smith DB, Poor HV. Price Discrimination for Energy Trading in
Smart Grid: A Game Theoretic Approach. IEEE Trans Smart Grid 2017;8(4):
1790–801. https://doi.org/10.1109/TSG.2015.2508443.
Islam SN. A new pricing scheme for intra-Microgrid and inter-Microgrid local
energy trading. Electron 2019;8(8):898. https://doi.org/10.3390/
electronics8080898.
Azim MI, Tushar W, Saha TK. Coalition Graph Game-based P2P Energy Trading
with Local Voltage Management. IEEE Trans Smart Grid 2021;12(5):4389–402.
https://doi.org/10.1109/TSG.2021.3070160.
Hupez M, Toubeau J-F, De Greve Z, Vallee F. A New Cooperative Framework for a
Fair and Cost-Optimal Allocation of Resources within a Low Voltage Electricity
Community. IEEE Trans Smart Grid 2021;12(3):2201–11. https://doi.org/
10.1109/TSG.2020.3040086.
Dabbaghjamanesh M, Wang B, Kavousi-Fard A, Hatziargyriou ND, Zhang J.
Blockchain-based Stochastic Energy Management of Interconnected Microgrids
Considering Incentive Price. IEEE Trans Control Netw Syst 2021;8(3):1201–11.
https://doi.org/10.1109/TCNS.2021.3059851.
Saumweber A, Wederhake L, Cardoso G, Fridgen G, Heleno M. Designing Pareto
optimal electricity retail rates when utility customers are prosumers. Energy Policy
2021;156:112339. https://doi.org/10.1016/j.enpol.2021.112339.
IEEE. IEEE PES AMPS DSAS Test Feeder Working Group n.d. https://site.ieee.
org/pes-testfeeders/.

