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Abstract

This paper studies social cooperation backed peer-to-peer energy trading technique by which prosumers can decide how they can

use their batteries opportunistically for participating in the peer-to-peer trading. The objective is to achieve a solution in which the

ultimate beneficiaries are the prosumers, i.e., a prosumer-centric solution. To do so, a coalition formation game is designed, which

enables a prosumer to compare its benefit of participating in the peer-to-peer trading with and without using its battery and thus,

allows the prosumer to form suitable social coalition groups with other similar prosumers in the network for conducting peer-to-peer

trading. The properties of the formed coalitions are studied, and it is shown that 1) the coalition structure that stems from the social

cooperation between participating prosumers at each time slot is both stable and optimal, and 2) the outcomes of the proposed peer-

to-peer trading scheme is prosumer-centric. Case studies are conducted based on real household energy usage and solar generation

data to highlight how the proposed scheme can benefit prosumers through exhibiting prosumer-centric properties.

Index Terms

Peer to peer trading, prosumer-centric, game theory, coalition game, social cooperation.

NOMENCLATURE

A, B, S Different coalitions.

bn Capacity of the battery of prosumer n.

bn,c Available capacity of the battery of prosumer n at t.

Dhp,Dc Symbols for stability of coalition.

En,pv(t) Solar generation of prosumer n at t.

En,dis(t) Energy discharged from the battery of prosumer n at t.

En,cha(t) Energy charged to the battery of prosumer n at t.

En,dem(t) Total energy demand of prosumer n at t.

En,hou(t) Energy demand of prosumer n for household activities at t.

En,c(t) Own solar and battery energy consumption by prosumer n at t.
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En,def(t) Energy deficiency of prosumer n at t.

En,sur(t) Energy surplus of prosumer n at t.

Echr,dis Recommended maximum charging and discharging rate of the battery.

Etransfer(t)Limit imposed on maximum energy transfer over the network.

Ec(t) Total energy charged by prosumers at state 2 at t.

Ed(t) Total energy discharged by prosumers at state 2 at t.

emax(t) max(Echr,dis, Etransfer(t)).

en,c(t) Energy charged by prosumer n’s battery at t.

en,d(t) Energy discharged by prosumer n’s battery at t.

Jn,b(t) Cost to prosumer n at state 1 at t.

k Scaling factor.

K Set of providers in coalition 2.

K Total number of providers in coalition 2.

L Set of receivers in coalition 2.

L Total number of receivers in coalition 2.

n,m Index of prosumer.

N Total number of prosumers.

N Set of all prosumers.

ps(t) Mid-market selling price per unit of energy at t.

pb(t) Mid-market buying price per unit of energy at t.

pc(t) Price per unit of energy charged by the battery at t.

pd(t) Price per unit of energy charged by the battery at t.

pl Degradation cost per kWh of the battery.

pn,c(t) Threshold price of prosumer n to charge its battery at t.

pn,d(t) Threshold price of prosumer n to discharge its battery at t.

pd,s2(t) P2P discharging price for prosumers in state 2 at t.

pc,s2(t) P2P charging price for prosumers in state 2 at t.

sn(t) State of charge of n’s battery at t.

t Index of each time slot.

Un,s(t) Utility of prosumer n at state 1 at t.

Un,c(t) Utility of prosumer n at state 2 for charging its battery at t.

Un,d(t) Utility of prosumer n at state 2 for discharging its battery at t.

U·(n) Utility of n as a part of coalition ·.

V Set of prosumers at state 2.

W Set of prosumers at state 1.
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αn Satisfaction parameter of prosumer n.

β Pricing parameter.

Γ Symbol for coalition formation game.

ν Value of coalition.

I. INTRODUCTION

The extensive growth in distributed energy resources in recent times is not only able to supply the growing energy demand of the

consumers, but can also facilitate a notable mix of clean renewable energy into the grid [1]. For this reason, it is critical to enable

extensive participation of owners of these assets in the deregulated energy market to provide frequency control services, demand

response, profit maximization, operation reliability, planning, combating uncertainty in generation, and managing networked

distribution system [2]. As such, to enable prosumers participation, the Feed-in-Tariff (FiT) scheme has been in the market

since the last decade [3]. However, the benefit to prosumers for participating in the FiT has been proven to be very marginal [4].

Consequently, a number of FiT schemes has been discontinued in recent times [5]. Meanwhile, a new energy trading paradigm,

known as peer-to-peer (P2P) energy trading, has emerged recently [6].

P2P trading is an emerging economic model that allows commodities such as energy to go from one prosumer to another rather

than from the grid to the consumer [4], [7]. This trading platform allows a prosumer to take advantage of other prosumers within

its community who produce or have more energy than they need by buying energy from them at a relatively cheaper rate and vice

versa. Due to its potential in revolutionizing the energy domain, several studies are conducted that focus on the financial model

of P2P trading and the impact of network constraints on P2P. In developing the financing model, the authors in [8] investigate

the economic impact of the energy complementary strategy to promote the sustainable development of the urban energy system.

An optimization model is developed in [9] for the photovoltaic (PV)-battery system in the P2P market with real-world constraints

and market signals. A similar PV and battery-driven P2P energy trading model is also proposed in [10] through an aggregated

two-stage battery control technology. Trading mechanisms that focus on empowering prosumers in the market are proposed in

[11] and [12]. In the literature, integration of P2P trading in the energy market is also discussed via double-auction based [13],

fairness based [14], consensus-based [15], negotiation-based [16], generalized Nash equilibrium [17], and orchestrator based [18]

approaches respectively.

In terms of investigating the impact of the physical network on P2P trading, [19] and [20] discuss how P2P trading can

potentially jeopardize the reliability of the power system by increasing bus voltages and propose potential solutions to avoid such

circumstances. A Jacobi-proximal alternating direction method of multipliers (ADMM) is applied in [21] to design the P2P grid

voltage support function for smart PV inverters with the purpose of regulating the voltages within a reasonable time. The impact

of the level of transmission losses on P2P trading behaviors of retailers and consumers is discussed in [22] using a credit rating

based multi-leader multi-follower game. In [23], the authors use the information and communications technologies (ICT) concept

of network overlays and P2P networks to improve the resilience of the network against utility blackouts. ICT for local smart grids

is also utilized in [24] to design a P2P model for distributed energy trading and grid control. Further, a number of pilot projects

such as Brooklyn Microgrid in the USA [25], Valley Housing Project in Fremantle, Western Australia [26], and the P2P-SmartTest

Project in Europe [27] are under development to demonstrate the benefit of P2P trading.
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While the benefits of P2P trading are clear, the key concern that yet to be addressed is that how to develop a P2P trading

mechanism, which is capable of ensuring a continuous and sustainable operation of the energy trading between prosumers. Finding

a favourable answer to this question is particularly important due to following reasons: 1) P2P trading emphasizes on transfer of

energy among multiple prosumers with minimum (if not at all) influence and control from a central controller, e.g., the retailer.

This establishes P2P as a trustless system [26]. Therefore, encouraging prosumers to cooperate with one another for trading energy

could be challenging; 2) Energy trading involving active prosumers participation is not a new phenomenon. However, a sustainable

and continual operation of such a scheme cannot be guaranteed unless prosumers extensively participate in the trading. Therefore,

it is utmost necessary that the developed energy trading schemes are prosumer-centric, in which the main receipient of the benefits

are the prosumers as both the buyer and the sellers of energy [28]. Otherwise, the P2P trading could potentially be discontinued

like many other existing schemes, e.g., see [5] and [29].

Given this context, we propose a P2P energy trading scheme to address these issues by exploiting social cooperation among

different prosumers. In particular, we use the framework of a cooperative game [30] to capture the interaction between different

prosumers. However, unlike [30], where a canonical coalition game is modeled, we use the framework of a coalition formation

game to determine a stable network structure, in which each prosumer can decide whether it wants to be in state 1 or state 2 at a

particular time slot for cooperating with other similar prosumers to participate in the P2P trading. State 1 refers to the state of a

prosumer, in which it does not charge or discharge its battery for participating in P2P trading. It only uses its surplus generation

for participating in the market. State 2 of a prosumer, on the other hand, refers to the state, in which it is willing to charge or

discharge its battery for buying energy from or selling energy to the P2P market. The use of the proposed coalition formation

game can effectively help prosumers to decide with whom to cooperate or not, which helps the designed energy trading model to

achieve a prosumer-centric solution.

To this end, the main contributions of the paper are:

• We propose a P2P energy trading scheme between different prosumers of an energy network by using a coalition formation

game. The objective is to exploit the social cooperation between the prosumers to attain a prosumer-centric solution.

• We develop an algorithm that helps a prosumer to select a state based on which it can choose whether or not it is beneficial

to put its battery in the P2P market and subsequently form a suitable group based on the coalition game. Within the selected

state, the algorithm also enables the prosumer to decide whether to charge or discharge its battery to participate in the

proposed P2P trading.

• We study the properties of the coalition formation game and show that the formed coalition among prosumers for P2P trading

is stable and socially optimal that delivers prosumer-centric outcomes; and

• We validate the properties of the proposed scheme through numerical simulation based on real consumers data.

While in a number of existing literature such as [31], [32], and [33], prosumers make their decision of energy trading price

through a day ahead scheduling, this study develops a P2P scheme that considers the situation at the current time slot to model the

decision making process of the prosumers. Such a model is particularly beneficial to apply in scenarios where the history of PV

generation patterns and electricity demand of prosumers is not available, for example, communities where P2P trading is deployed

as a smart energy management scheme for the first time. Note that example of such current time slot based energy management
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scheme can also be found in [34]–[36] and [37]. Further, we stress that prosumer-centric solutions have also been discussed in

[38] and [39]. However, the proposed study is different from them in terms of considered system model, game formulation, and

analysis.

The rest of the paper is organized as follows. We introduce the system model for the proposed P2P trading in Section II. We

propose a P2P energy trading model based on a coalition formation game in Section III. Properties of the studied P2P trading are

studied in Section IV followed by numerical simulation results in Section V. Finally, we conclude the paper in Section VI.

II. SYSTEM MODEL

We consider a P2P energy network consisting of a centralized power system (CPS) and N houses, where N = |N |. Each house

n ∈ N acts as a prosumer, which is equipped with a solar panel and a battery of capacity bn. Prosumer n can use the energy from

its solar panel, battery, or from the grid and other entities to meet its demand. Alternatively, it can transfer its surplus energy, if

there is any, to the grid, to its own battery or to other prosumers. To do so, each prosumer is also equipped with a smart meter,

which can 1) determine and record the generation of energy from the rooftop solar panel, 2) determine and record the consumed

energy by the prosumer, 3) determine and record the state of charge (SoC) of the battery, 4) manage the charging and discharging

of a battery, and 5) determine and record the energy that a prosumer n sells to or buys from the CPS, the battery, or from another

entity, when necessary.

The considered P2P network is assumed to have two layers [25]: a physical layer and a virtual layer. The physical layer is

responsible for the physical connection and transfer of energy between different energy prosumers within a network through a

distribution system (built and managed by an independent system operator). On the other hand, all prosumers can communicate,

exchange information with one another, and decide on their traded energy amount and transaction price over the virtual layer, e.g.,

blockchain [26] and Elecbay [27]. The study presented in this paper focuses on the application of energy trading in the virtual

layer of the P2P network.

We assume that at any time slot t of the day, the generation of solar energy from prosumer n’s solar panel is En,pv(t), the amount

of energy discharged from its battery is En,dis(t), and the energy demand of prosumer n is En,dem(t) = En,hou(t) + En,cha(t).

Here, En,hou(t) is the energy that prosumer n needs for its household activities and En,cha(t) is the energy to charge the battery.

Since the energy from the solar is free and from the battery is reasonably cheap1, in reality the owner of the house prefers to use

the solar and battery energy to meet the demand. Therefore, the amount of solar and battery self consumption by each house is

En,c(t) = min (En,pv(t) + En,dis(t), En,dem(t)) . (1)

Accordingly, based on the generation, demand, and consumption of energy, each prosumer n may need to buy excess energy to

meet its energy deficiency En,def(t) or has surplus energy En,sur(t) to sell. Accordingly,

En,sur(t) = (En,pv(t) + En,dis(t))− (En,hou(t) + En,cha(t)) , (2)

and

En,def(t) = (En,hou(t) + En,cha(t))− (En,pv(t) + En,dis(t)) . (3)

1However, there is an associated battery degradation cost [40].
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A prosumer n can sell En,sur(t) either to the CPS or to other prosumers in set N \{n} of the network and can buy En,def(t) from

either of them. Note that in (2) and (3) the surplus and deficiency are calculated respectively after a prosumer already charges it

battery from its own generation and discharges the battery for its household demand.

We further consider that the prosumers participating in the P2P energy trading choose to be either of the two states at any

given time slot t.

a) State 1: Prosumers in state 1 do not charge or discharge their batteries for trading purposes and only sell their surplus

En,sur(t) to other prosumers in N \ {n} or to the grid when En,sur(t) = (En,hou(t) + En,cha(t))− En,pv(t) > 0. In other words,

a prosumer in state 1, which we denote as an element of set W , does not put its battery in the energy trading market. Similarly,

a state 1 prosumer only buys energy, when necessary, to meet the deficient energy En,def(t) = (En,pv(t) + En,dis(t))−En,hou(t).

Note that a prosumer without any battery always remains in state 1.

b) State 2: Prosumers is state 2 use their batteries for trading purposes. That is, a prosumer in state 2, which we indicate

via V is motivated, e.g., for more economical benefit, to discharge its battery for selling energy to other prosumers. Similarly, it

may also buy energy from other peers to charge its battery for future needs.

Clearly, the benefit, as we will see in the next section, that a prosumer may reap for being a state 1 or state 2 during P2P

trading could be different due to the additional benefit and cost of using a battery for trading. In fact, such differences influence

a prosumer to dynamically choose its states at different time slots of P2P trading. To clarify this further, let us consider the toy

example shown in Table I.

In the table, we focus on how the state of six prosumers can be decided for two time slots. The P2P trading price for

charging/discharging battery and the battery degradation price are also assumed to be similar for all of them. Now, due to

different demand of energy and subsequent state of charge (SoC) in the battery, the utilities (calculated based on the discussion in

the next section) for being in state 1 and state 2 are different for different prosumers. For example, at time slot 1, both prosumer

1 and 2 are interested to charge their batteries (to be in state 2). However, the positive utility obtained from such charging enable

prosumer 1 to be in state 2, whereas prosumer 1 needs to be in state 1 to avoid the lower utility (which is negative) for becoming

a state 2 prosumer. However, they change their respective states based on the new preferences of charging and discharging in

time slot 2. Similar utility based choice is also shown form other prosumers. Note that when a prosumer does not have a battery

(prosumer 6) or it does not want to charge or discharge despite having battery (prosumer 5 in time slot 1) will remain in state 1.

Clearly, the utility that a prosumer obtain from its participation in the P2P trading influences its choice of different states. As

such, we discuss different utility functions that mimic the benefits to each prosumer when they are in state 1 and state 2 in the

following section.

1) Utility of prosumer at state 1: For prosumer at state 1 the contribution of a prosumer’s battery to the energy trading can

be assumed to be 0 when considering the flow of battery energy across different entities. Hence, from the perspective of P2P

trading, each prosumer n at state 1 can be considered as a prosumer with the grid-tie solar system without battery [43]. Therefore,

prosumers of this type trade their solar energy either with one another prosumer or with the grid without charging or discharging

their batteries. In this context, if the mid-market buying and selling prices per unit of energy are pb(t) and ps(t) respectively
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TABLE I: A toy example to demonstrate how prosumers may choose different states for P2P trading. The degradation price is taken from [40]
and P2P price is calculated following the mid-market rule [39] by assuming a grid price of 26 cents per kWh [41] and a FiT price of 10 cents
per kWh [42].

Change of 

states by 

prosumer 1 

and 2 from 

timeslot 1 to 2

Prosumer 3, 4, 

5 and 6 remain 

in the same 

state in both 

timeslots

(following [39]), the utility and cost to a prosumer n can be defined as

Un,s(t) = ps(t)En,sur(t), and Jn,b(t) = pb(t)En,def(t) (4)

respectively for selling and buying their surplus and deficient energy.

2) Utility of a prosumer at state 2: We note that the utility that a prosumer obtains from charging its battery can be defined

as the sum of the relevant cost and the benefit of charging. Benefit of charging can be captured by using a utility function with

decreasing marginal benefit [34], [44], [45]. Such a property refers to the fact that the benefit to a prosumer for charging its battery

eventually gets saturated with charging as the SoC sn(t) of the battery becomes close to its available capacity bn,c(t) = bn−sn(t).

To this end, we consider the utility of a state 2 prosumer n for charging its battery as:

Un,c(t) = k[bn,c(t)en,c(t)−
1

2
αnen,c(t)

2]− (pl + pc(t))en,c(t). (5)

In (5), the term (bn,c(t)en,c(t)− 1
2αnen,c(t)

2 refers to the benefit of charging, 0 < k ≤ 1 is a scaling factor, and (pl+pc(t))en,c(t)

is the cost of charging. Here, pl is the degradation cost per kWh of the battery [46], pc(t) is the price per unit of charging energy

en,c(t) ≤ Echr,dis (where, Echr,dis is the rated charging/discharging rate of the battery), and αn > 0 is the satisfaction parameter of

prosumer n [44].

In the similar way, the utility of a state 2 prosumer n for discharging its battery can be defined as

Un,d(t) = k[sn(t)en,d(t)−
1

2
αnen,d(t)

2] + (pd(t)− pl)en,d(t), (6)

where pd(t) is the price per unit of discharged energy en,d(t) ≤ Echr,dis. However, unlike (5), (pd(t)− pl)en,d(t) in (6) refers to

the revenue that an n obtains from discharging its battery. Further,

en,c(t) ≤ min(emax(t), bn,c(t), En,sur(t)), en,d(t) ≤ min(emax(t), sn, En,def(t)) (7)

to ensure that battery charges or discharges neither more than its rated charging and discharging rate nor more than the network
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limit on the energy transfer. In other words,

emax = max (Echr,dis, Etransfer(t)) , (8)

where, Etransfer(t) is network controller imposed maximum limit of energy transfer over the network at t such that the node

voltage does not violate the recommended limit for reliability and security of the network. Note that the parameters in (7) and

(8) for each prosumer needs to be chosen carefully to ensure that prosumers can reap maximum benefits from trading without

violating any network limits. These could be decided by a regulatory body for prosumers of particular communities that want

to involve in P2P trading. Examples of such regulatory decisions can also be found in other trading mechanisms. For example,

in Queensland, Australia, if any prosumer would like to participate in FiT, it cannot install solar panels beyond 5kW capacity

according to the regulation of the state. Such regulation has been imposed to enable prosumers to participate in energy trading

without compromising network security. Please note that such a regulation should not affect a prosumer’s decision of how much

energy it would like to trade and how much price it would like to charge per unit of energy. Rather, the purpose of regulation is

to offer practical values for constraints like (7) and (8) that will be beneficial for both prosumers and networks.

The utility functions proposed in (5) and (6) possess the property of decreasing marginal benefit, which is ideal for power

users [47]. In particular, in the decision making process of charging and discharging of the battery, which has a fixed capacity,

utility functions with decreasing marginal benefits are capable of modelling the decision making process of prosumers by capturing

their benefits, which increases gradually to a certain point of state-of-charge and then decreasing again. Examples of such use of

utility functions to model the benefit of power users can also be found in [44], [48], [49].

Now, based on the utility following (4), (5), and (6) that a prosumer achieves for trading its energy, it forms socially cooperative

groups with neighboring prosumers to at different time slots in order to maximize its utility via P2P trading. In the next section,

we propose a coalition formation game to capture this decision making process.

III. PROBLEM FORMULATION FOR P2P TRADING

At any given time slot t, the decision of each prosumer n to choose to be either in state 1 or in state 2 may potentially be

affected by its production of solar energy, energy demand, energy price, its urgency of using energy for particular tasks, and how

much utility it can achieve for interacting with other neighboring prosumers. Note that the decision of being in a particular state is

taken by each prosumer individually without any central control. To this end, what follows is a study of the P2P trading price to

identify under which condition a prosumer may become interested to charge or discharge its battery to participate in P2P trading

with its neighbors.

A. Decision of a prosumer to charge and discharge the battery

1) Price condition for charging a battery: For any given price pc(t), the utility Un,c(t) to a prosumer for charging its battery

is (5), where ∂2Un,c(t)

∂en,c(t)
2 = −kαn < 0. Thus, the preferred strategy en,c(t)∗ of a prosumer to maximize its utility is

en,c(t)
∗ = arg maxUn,c(t), (9)
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TABLE II: This table lists the strategies of a prosumer on its choice of charging and discharging its battery for the P2P trading purpose and its
subsequent choice of state.

Case Value of P2P charging price pc(t)
Value of P2P discharging price
pd(t)

Strategy of prosumer n and Corresponding State

1 pc(t) < pn,c(t) pd(t) ≤ pn,d(t) Prosumer n will charge (state 2).
2 pc(t) ≥ pn,c(t) pd(t) > pn,d(t) Prosumer n will discharge (state 2).
3 pc(t) ≥ pn,c(t) pd(t) ≤ pn,d(t) Prosumer n will neither charge not discharge (state 1).

4 pc(t) < pn,c(t) pd(t) > pn,d(t)
Prosumer n will either charge or discharge based on it utility
according to (5) and (6) (state 2).

and therefore,

en,c(t)
∗ =

[
1

kαn
(k(bn − sn(t))− pl − pc(t))

]+
, (10)

where [·]+ = max(·, 0). Clearly, when a prosumer wants to charge its battery, en,c(t)∗ ≥ 0. Therefore, the maximum price pn,c(t)

that the prosumer n will to pay to charge its battery is

pn,c(t) = k(bn − sn(t))− pl. (11)

Now, based on (10) and (11), a prosumer’s behavior towards charging its battery can be influenced by different variation of P2P

price pc(t) as follows.

• When pc(t) = pn,c(t), en,c(t)∗ = 0. Therefore, the prosumer n will not charge its battery.

• When pc(t) > pn,c(t), en,c(t)∗ < 0. Therefore, the prosumer n will not charge its battery.

• When pc(t) < pn,c(t), Un,c(t) > 0 and en,c(t)∗ > 0. Therefore, the prosumer n will charge its battery.

2) Price condition for discharging a battery: Similarly, a prosumer n receives utility Un,d(t) by discharging en,d(t) from its

battery. Un,d(t) attains its maximum value when ∂Un,d(t)
∂en,d(t)

= 0. Therefore,

en,d(t)
∗ = arg maxUn,d(t) =

[
1

kαn
(ksn(t)− pl + pd(t))

]+
. (12)

Now, following the same procedure as for the charging price, we can determine the minimum price that can motivate a prosumer

to discharge its battery is

pn,d(t) = pl − ksn(t). (13)

To this end, based on (12) and (13), the discharge of a prosumer’s battery is influenced by the following variation of P2P price:

• When pd(t) = pn,d(t), en,d(t)∗ = 0. Therefore, the prosumer n will not be interested to discharge its battery.

• When pd(t) > pn,d(t), en,d(t)∗ > 0. Therefore, the prosumer n will discharge its battery.

• When pd(t) < pn,d(t), en,d(t)∗ < 0. Therefore, the prosumer n will not discharge its battery.

Thus, the overall decision of a prosumer to use its battery or not for P2P trading is affected by the value of P2P charging

and discharging prices. A summary of the possible variations and the subsequent decisions are summarized in Table II. Clearly,

a prosumer will choose to be in state 1 for case 3, whereas for other cases the choice would be state 2. Note that the decision

of energy trading between the batteries of different prosumers is also influenced by respective capacities and SoC of the batteries

via (10) and (12).
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Fig. 1: This figure shows the social cooperation of prosumers of similar states (within a coalition) and their transfer between different coalitions
as outlined in this study.

B. Coalition formation framework

A coalition formation game Γ can be formally defined by a pair Γ = (N , ν), in which N is the set of all participating players

(i.e., prosumers in this case) and the value of coalition ν. ν assigns a real number to every coalition S ⊂ N for participating in

P2P trading. Under the coalition formation game framework, participating prosumers form coalitions with one another to improve

their respective utilities. In doing so, a prosumer may decide to leave a coalition to join a new coalition if its utility is improved

by joining the selected new coalition. Indeed, a prosumer may also choose to take its own strategy without being a part of any

coalition if that is more beneficial. Now, in order to study the decision making process of each prosumer to choose a certain

coalition for P2P trading purpose, we first define the term Pareto order.

Definition 1. Consider two collections of coalition A and B of the same set of prosumers N . For a prosumer n ∈ N , uA(n)

and uB(n) denote the utility to prosumer n within coalition A and B respectively. Now, coalition A is preferred by prosumer

n, ∀n ∈ N , over the coalition B by Pareto order, indicated by A .B, if uA(n) ≥ uB(n), with an equality for at least one player.

Thus, Pareto order bases the preference on the individual payoffs to the prosumers rather than the coalition value ν. Now, based

on the Pareto order, each prosumer n decides on the coalition it wants to form in each time slot during a day with the purpose to

maximize its utility. To do so, we assume that each prosumer uses merge and split rules for forming coalitions with one another.

Merge and split rules: Merge and split rules are two fundamental rules for forming or breaking coalitions based on Pareto

order [50]. They can be defined as follows.

Definition 2. A collection of disjoint coalition {A1,A2, . . . ,Ai}, Ai ⊂ S can agree to merge into a single coalition B = ∪in=1An,

if the new coalition B is preferred over {A1,A2, . . . ,Ai}, i.e., B . {A1,A2, . . . ,Ai}, by the players according to the Pareto

order described in Definition 1.

Definition 3. A coalition B = ∪in=1An, An ⊂ S can split into smaller coalitions {A1,A2, . . . ,Ai} if the resulting coalitions

are preferred by the players over B, i.e., {A1,A2, . . . ,Ai} . B , as per the Pareto order in Definition 1.
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Fig. 2: This figure shows an example of how four prosumers decide on their respective states based on the price and available energy when
they they move from one time slot to the next.

The reorganisation of prosumers in different coalitions following the merge-and-split rule is usually conducted in multiple

iterations. In each iteration, all the participating prosumers engage to form new coalitions to maximize their utilities. A graphical

representation of how prosumers choose different coalition based on merge and split rule in the proposed system is shown in

Fig. 1.

C. Coalition formation algorithm

The formation of coalitions between different prosumers for P2P trading is influenced by a prosumer’s decision to socially

interact with other prosumers for P2P energy trading. To take the decision, in time slot t, a prosumer first meets its demand

by energy from its solar panels and storage. Second, it calculates its available surplus, deficiency, and the SoC of the battery.

Third, based on the price threshold of the prosumer from (11) and (13) and the available energy prices for P2P trading, which is

determined by a mid-market rate rule [39], a prosumer decides whether it wants to charge or discharge its battery to participate

in P2P trading. In other words, each prosumer n decides whether it wants to be in state 1 or 2 and utilize the properties of Pareto

order to choose the appropriate coalition.

Prosumers that are in state 1 form coalition 1 (Fig. 1) and conduct P2P trading among themselves using the mechanism proposed

in [39] via a mid-market pricing scheme. As for prosumers in state 2, each prosumer needs to decide either be a provider or a

receiver of energy and thus be in the set K or L respectively. Once the decision is taken by prosumers, as shown in Fig. 2, each

prosumer n who was in state 1 in the previous time slot t− 1 and would like to be in state 2 at t, splits itself from its previous

coalition and merges with the players who decide to be in state 2 and thus becomes a part of a new coalition. A similar transition

can also happen for state 2 players. Finally, P2P trading between the receivers and providers within coalition 2 is conducted using

prices derived in (18) and (19). The detail of the proposed Pareto order based step-by-step coalition formation algorithm is shown

in Algorithm 1.

As can be seen from Algorithm 1, the formation of a coalition is dynamic in nature. That is, the coalition formation algorithm

runs in every time slot to reconfigure the members of each coalition that would achieve the maximum benefit for the prosumers.
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Algorithm 1: Algorithm to form a stable coalition structure for P2P trading.
1: for time slot t = 1 to T do
2: Set P2P discharge price pd(t) =

pb(t)+ps(t)
2

.
3: Set P2P charge price pc(t) = (1 + β)pd(t).
4: for Each prosumer n ∈ N do
5: Determine the solar generation En,pv(t).
6: Determine energy demand En,dem(t) and battery SoC sn(t).
7: if En,pv(t) > En,dem(t) then
8: En,cha(t) = min((bn − sn(t)), emax, (En,pv(t)− En,dem(t))).
9: sn(t) = sn(t− 1) + ηEn,cha(t).

10: En,sur(t) = En,pv(t)− (En,dem(t) + En,cha(t)).
11: else if En,pv(t) < En,dem(t) then
12: En,dis(t) = min((sn(t)− sn,min), emax, (En,dem(t)− En,pv(t))).
13: sn(t) = sn(t− 1)− ηEn,dis(t).
14: En,def(t) = En,dem(t)− (En,pv(t) + En,dis(t)).
15: end if
16: if En,def(t) > 0 then
17: Prosumer n chooses to be type 1 of set W .
18: else
19: Determine pn,c(t) and pn,d(t) following (11) and (13) respectively.
20: Each prosumer follow Table II to initially decide whether it wants to be in W or V prosumer.
21: For type 2, providers and receivers become elements of set K and L respectively, i.e., V = K ∪ L.
22: end if
23: end for
24: Total available energy from K is

∑K
n=1 en,d(t).

25: Total demand from L is
∑L

m=1 em,c(t).
26: if

∑K
n=1 en,d(t) >

∑L
m=1 em,c(t) then

27: All prosumers in L finally chooses type 2.
28: Calculate excess energy Eex,s(t) =

∑K
n=1 en,d(t)−

∑L
m=1 em,c(t).

29: Set en,d(t) = en,d(t)−min(en,d(t),
Eex,s(t)

K
), ∀n ∈ K.

30: if en,d(t) > 0 then
31: Prosumer n decides to be K in type 2.
32: else
33: Prosumer n decides to be in W .
34: end if
35: else if

∑K
n=1 en,d(t) <

∑L
m=1 em,c(t) then

36: All prosumers in K finally chooses type 2.
37: Calculate excess demand Eex,d(t) =

∑L
m=1 em,c(t)−

∑K
n=1 en,d(t).

38: Set em,c(t) = em,c(t)−min(em,c(t),
Eex,d(t)

L
), ∀m ∈ L.

39: if em,c(t) > 0 then
40: Prosumer n decides to be L ⊂ V .
41: else
42: Prosumer n decides to be in W .
43: end if
44: else
45: All prosumers in L and K belong to type 2.
46: end if
47: Each prosumer n that was in N/V in the previous time slot and decides to be in V , splits from N/V and merges to the prosumers in V .
48: Each prosumer n that was in N/W in the previous time slot and decides to be in W , splits from N/W and merges to the prosumers in W .
49: A stable coalition structure for P2P trading is achieved for time slot t.
50: end for

The correlation between different time slots is captured through the state of charge of storage devices that varies across different

time slots according to its charging and discharging pattern. Of course, it is also possible that the same coalition structure may

hold for multiple consecutive time slots if Algorithm 1 identifies that structure is beneficial for the relevant time slots.

Here, it is important to note that, in the proposed coalition formation structure, there is no coalition of prosumers who do not

charge/discharge batteries with who will discharge/charge. This is due to the fact that, as the proposed scheme is designed, the

charging and discharging price needs to satisfy the conditions explained in Table II, where the threshold price pn,c(t) and pn,d(t)

include the associated charging and discharging degradation cost of batteries. The motivation behind the choice of such prices is

the fact that when a prosumer may want its battery to be charged or discharged for trading in the peer-to-peer market, the trading

price should reflect the associated battery degradation cost due to charging and discharging, and at the same time, have enough

incentive to make the price beneficial for prosumers to put their batteries into the market. Now, prosumers who participate in
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peer-to-peer trading market without battery do not need to consider such degradation cost and therefore the trading price does

not include the additional item to compensate for the cost of battery degradation [39], [51]. Given this context, as the proposed

model is designed, these prices will always fall within the case 3 of Table II, which subsequently removes the possibility of a

trade between prosumers who do not charge/discharge batteries with prosumers who will discharge/charge at the same time.

Indeed, other pricing schemes may regulate the trading in a different way, where the pricing conditions may allow prosumers

who do not charge/discharge batteries with prosumers who will discharge/charge at the same time. Meanwhile, the proposed

scheme is still valid in terms of proving the importance of social cooperation between prosumers to achieve a prosumer-centric

solution, while still participate in peer-to-peer trading. Further, the proposed scheme also help prosumers to decide when they

should use batteries to participate in the trading and when they should participate without putting their batteries into the market.

D. Trading of energy

Once a set of stable coalitions are formed following Algorithm 1 in each round of the game, all prosumers in each coalition

begins to trade their energy with one another. We have discussed how the prosumers in a coalition of state 1 players do P2P

trading in [39]. As for P2P energy trading prosumers at state 2, the energy trading parameters can be determined as follows.

The total energy supplied by K providers for the P2P trading is

Ed(t) =

K∑
n=1

en,d(t)
∗ =

K∑
n=1

1

kαn,d
(ksn,d(t)− pl + pd(t)) . (14)

Without loss of generality, it can be considered that αn,d = αd, ∀n ∈ K. Hence, (14) can be expressed in its simple form as

Ed(t) =

∑K
n=1 sn,d(t)

αd
− (pl − pd(t))K

kαd
. (15)

Similarly, total amount of energy received by the receivers of the coalition can be expressed by

Ec(t) =

L∑
m=1

em,c(t)
∗ =

∑L
m=1(bm,c(t)− sm,c(t))

αc
− (pl + pc(t))L

kαc
, (16)

assuming αm,c = αc. ∀m ∈ L.

Now, let us consider that the P2P charging price pc(t) and discharging price pd(t) per unit of energy are related to one another

via [52]

pc(t) = (1 + β)pd(t), (17)

where β > 0. The relationship in (17) is motivated by the fact that a prosumer needs to pay the government tax and a subscription

fee, captured via β, for using the transmission line provide by the grid for P2P purpose. Now, the flow of energy for charging

and discharging batteries via P2P establishes that the total energy charged by the receivers batteries should be equal to the total

energy discharged by the providers in V , i.e., Ed(t) = Ec(t).

To this end, by equating (15) to (16) and replacing the value of pc(t) with pd(t) from (17), the trading prices pc(t) and pd(t)
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for prosumers at state 2 can be calculated as:

pd,s2(t) =

pl(αcK − αdL)− k(αc

K∑
n=1

sn,d(t)− αd
L∑

m=1

(bm,c(t)− sm,c(t)))

αcK + αd(1 + β)L
; (18)

pc,s2(t) =

pl(αcK − αdL)− k(αc

K∑
n=1

sn,d(t)− αd
L∑

m=1

(bm,c(t)− sm,c(t)))

αcK+αd(1+β)L
(1+β)

. (19)

Thus, pd,s2(t) and pc,s2(t) are the discharging and charging prices used by prosumers at state 2 to trade their battery energy over

the P2P network.

Remark 1. Please note that in the manuscript we do not consider the scenario, in which a prosumer at state 2 can sell its battery

energy to the CPS. This mainly due to the fact that such a trading model relies on a pricing scheme set by the CPS that provides

prosumers with very limited benefits [4]. Consequently, as articulated in [53], battery at residential premises is not economically

viable. Nonetheless, if a CPS can participate in the local market as a peer and give prosumers to negotiate the price for per

unit energy it would sell to the CPS, the proposed model can easily be extended by including CPS as a peer. In such cases, a

prosumer can also sell its energy to the CPS through P2P mechanism.

IV. PROPERTIES OF THE COALITION FORMATION

Given the proposed coalition formation algorithm and resultant coalition structure, we now study the properties of the proposed

scheme.

A. Stability and optimality

In this section, we investigate the stability and optimality of the proposed coalition formation. To this end, first we define the

stability and optimality from [54] and [52] as follows.

Definition 4. A group of coalitions is said to be stable, if no prosumer has an interest to perform a merge-and-split operation in

order to form another new coalition for better payoff in a selected time slot. This is known as Dhp stable.

Definition 5. A partition refers to the Pareto optimal network structure if it exhibits the property of Dc stability with the following

characteristics:

1) The partition is Dhp stable.

2) The resultant partition is the unique outcome of any round of merge-and-split operation.

3) The partition maximizes the social welfare (sum utilities of the participating prosumers).

Second, we note that in every time slot, as the Γ is designed, a prosumer n always decides whether it wants to charge or

discharge its battery for P2P trading by following scenarios listed in Table II. This could lead to one of the following two

outcomes: 1) Prosumer n may decides either to be in state 2 and puts its battery into the market for P2P trading, or 2) Prosumer

n decides to be in state 1 and participates in P2P trading without putting its battery into the market. Thus, for case 1, prosumer
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n belongs to the coalition of prosumers that are in state 2. As for case 2, a prosumer may decide either to form a coalition with

other state 1 prosumers or it may participate in the energy market non-cooperatively (trade with the CPS alone). Nonetheless, it

is shown in [55] that for the considered utilities in (4), it is always beneficial for prosumers at state 1 to form a stable group with

one another, rather than participate non-cooperatively. Therefore, it is reasonable to state the following Proposition 1.

Proposition 1. In the proposed Γ, at any time slot t, a prosumer n ∈ N always forms a coalition with prosumers that are either

in state 1 or state 2 following the Pareto order defined in Definition 1, and never trades non-cooperatively.

Theorem 1. At any given time slot t, the network structure or partitions resulting from the proposed Γ is stable and Pareto

optimal.

Proof. According to Algorithm 1, we note that, at any time slot t, prosumers in L and K charge and discharge their batteries for

P2P trading respectively, where

L =
{
n : e∗n,c(t) > 0 and pc(t) < pn,c(t), pd(t) ≥ pn,d(t)

}
(20)

and

K =
{
n : e∗n,d(t) > 0 and pc(t) ≥ pn,c(t), pd(t) > pn,d(t)

}
. (21)

When pc(t) < pn,c(t) and pd(t) > pn,d(t), the decision of a prosumer n ∈ N to be in L or K is determined by the maximum

utillity that it achieves from charging and discharging. That is

n ∈


L if Un,c(t)|e∗n,c(t)≥0

> Un,d(t)|e∗n,d(t)≥0

K if Un,d(t)|e∗n,d(t)≥0
> Un,c(t)|e∗n,c(t)≥0

. (22)

The rest of the prosumers N \ (L ∪ K) remain in state 1 and belong to W . According to (20), (21), and (22), indeed, the choice

of K,L (coalition of state 2) and W (coalition of state 1) by a prosumer n is determined based on the achieved maximum

utility by the prosumers (that is, Pareto order in Definition 1), and hence n cannot be better paid off by choosing an alternative

coalition. Consequently, it will have no incentive to split from its current coalition and merge to a new coalition for a better

payoff. Therefore, following Definition 4, the resultant network structure is Dhp stable.

Further, as Γ is designed, at any given time slot t, the Dhp stable network structure always consists of two coalitions with set

of players W and V , and satisfies |W ∪V| = N . This unique set of coalitions maximizes the individual benefit to each prosumers,

and consequently their sum benefits is also maximized. Hence, the proposed coalition is Dc stable.

Now, since the coalition structure is Dc stable, according to Definition 4, the formation of coalition is also Pareto optimal.

Thus, Theorem 1 is proven.

B. Prosumer-Centric Property

To investigate whether the proposed P2P energy trading scheme satisfies the prosumer-centric property, we exploit a number

of models from motivational psychology.

Definition 6. A P2P energy trading scheme is defined to be prosumer-centric if
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• The coalition structure formed in Γ is stable.

• The utility received by each prosumer from Γ satisfies the rational economic, elaboration likelihood and positive reinforcement

models of motivational psychology [56].

Clearly, from Theorem 1, the proposed coalition formation game possesses stability. Hence, to be prosumer-centric, the proposed

P2P energy trading need to satisfy the models from motivational psychology.

Essentially, motivation psychology is a branch of behavioral science that studies the impact of human psychological process

to initiate real behavior [57], [58]. Motivational psychology consists of a number of behavioral models that can be used to

understand whether a developed technology can motivate users to accept it. One such application of motivational psychology

models in determining the feasibility of attracting users to efficiently use their heating, ventilation, and air conditioning (HVAC)

units can be found in [59].

While different motivational psychology models can be used to validate the impacts of different technologies for attracting

users to participate, in this section, we will focus on three particular models, which are relevant to our study, to demonstrate the

prosumer-centric property of the proposed trading scheme. To this end, we first introduce the rational economic, the elaboration

likelihood and the positive reinforcement models. Then, we study whether the proposed P2P trading scheme satisfy the properties

of the motivational psychology models, so as to exhibit the prosumer-centric property.

1) Rational economic model: According to [60], a prosumer’s participation in energy trading is predominantly based on his

economically rational decision. That is, monetary benefit is a key motivator for people to be responsible and logical about

participating in energy trading in a P2P network.

2) Elaboration likelihood model: According to this model, there could be two ways to communicate and motivate people

to participate in energy trading: the central path and the peripheral path [61]. The central path is suitable when an individual

cares about the issue and can easily access the necessary information. However, he may potentially deviate from his supported

position if the subject conveys unfavorable thoughts due to the ambiguity of the message. In such a case, the peripheral path is

more appropriate. Essentially, the peripheral path tries to associate the advocated position with things the receiver already thinks

positively towards, such as monetary and environmental benefit, using an expert appeal.

3) Positive reinforcement model: A positive reinforcement refers to the case when a human response to a circumstance is

followed by a reinforcing stimulus that increases the potential of having the same response from the human when a similar

situation arises [62]. For example, by always receiving a better utility by cooperating with other peers within a P2P energy

network is likely to encourage the users cooperate with its peers for energy trading again in the future.

Theorem 2. The proposed social cooperation based P2P energy trading scheme is prosumer-centric.

Proof. To prove the theorem, we note the following:

• A prosumer n decides to either charge or discharge its batteries based on the utility functions (5) and (6). The utilities to

n are dominantly influenced by the buying price pn,d and selling price pn,c as demonstrated in Table II. In this context,

clearly, economic benefit plays key role for a prosumers to choose a stable coalition to perform P2P trading according to

Algorithm 1. Thus, the proposed scheme satisfies the rational-economic model.
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• At any time slot t, the proposed P2P energy trading is Pareto optimal. Therefore, every time a prosumer n wants to trade

energy, participating in P2P energy trading by forming coalitions with other prosumers in the network is always beneficial

to n, rather than acting noncoopeatively. This subsequently proves that the proposed scheme satisfies positive reinforcement

model.

• The improved net benefit of P2P trading could be an effective way to demonstrate the prosumers of the advantage of

participation. Thus, the proposed scheme can easily use this peripheral path to help prosumers understand and convince them

to participate in P2P trading.

Thus, the proposed social cooperation based P2P trading satisfies all three considered motivational psychology models and thus

exhibits the properties of a prosumer-centric scheme.

Indeed, charging and discharging of battery cause battery degradation, as discussed in [63]. It may discourage some prosumers

to use the battery extensively and unwilling to share any battery capacity. Therefore, such prosumers are belong to state 1 in the

proposed formulation. Nonetheless, despite battery degradation, battery sharing is a popular phenomenon within the prosumers

and they are willing to share their batteries with neighbours as discussed in [37] and [10]. Further, as identified by a number of

renewable energy service providers, prosumers, at current time, do not emphasize on battery degradation, rather they are more

keen to become environmental friendly, reduce their current energy cost, and become grid independent during natural disaster

using battery integrated solar system, which has increased the uptake of residential battery storage significantly since 2017 [64].

Thus, proposed model is valid and important for the decision making process of this set of users.

V. CASE STUDY

In this section, we show some results from numerical case studies to demonstrate the properties of the proposed trading

scheme. In particular, we demonstrate 1) how each prosumer may choose to form different coalition that leads to a stable

coalition framework, 2) how the proposed coalition formation algorithm brings benefit to the prosumers for participating in P2P

trading compared non-participating prosumers, and 3) satisfy the prosumer-centric property. For the numerical case study, we use

the real-data of solar generation and household energy consumption data available from Redback Technologies. Redback is a

Queensland based startup in Australia that provides smart energy solutions to prosumers in Queensland, Victoria, and New South

Wales. We use 15 min sample data to validate the proposed framework and the data used for this case study was collected in

February 2018. The values of retailer’s time-of-use electricity selling price is also collected from Redback and the FiT price is

assumed to be 10 cents/kWh according to the FiT price used in Brisbane, Australia.

1) Stability of coalition: In Fig. 3, we show the choice of different coalitions by prosumers at three different group of time

slots of a selected day. Although we choose a selected group of time slots due to the lack of space in the paper to accommodate

the demonstration for all 96 time slots, similar pattern of coalition formation is observed for the rest of the time slots as well.

Now, based on this figure,

• In Fig. 3 (a), all prosumers choose not to charge or discharge their batteries for P2P trading and thus form a grand coalition

of state 1 prosumers in all considered time slots. That is W = {1, 2, . . . , 10}, V = {φ}, and therefore |W ∪ V| = |N | = 10.

• In Fig. 3 (b), prosumers form a new set of coalitions in every time slot. However, in all three time slots |W ∪ V| = 10.
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Fig. 3: This figure demonstrates three different time snaps of a day, in which prosumers within the considered system model decide on various
coalition to participate in P2P trading.
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Fig. 4: Demonstration of net benefits to prosumers for participating in P2P trading via proposed social cooperation framework.

• Finally, a similar pattern in forming coalition, i.e., |W ∪ V| = 10, is also observed in Fig. 3 (c), in which the prosumers

form a new coalition during the transition for first time slot to the second whereas they remain in the same coalition in the

next time slot.

Thus, in every time slot, the outcome of the game provides a unique outcome, which always contains two coalitions, and once a

prosumer chooses a coalition following Algorithm 1, it remains in that coalition until the next time slot of energy trading without

any motivation to deviate due to Pareto order (see Definition 1). As such, regardless of whether a new coalition is created in a

time slot or not, as the scheme is designed, the coalition structure satisfies Theorem 1 and therefore exhibits the property of a

stable coalition structure in each time slot. For more details on the stability of coalition formation games, please see [65].

2) Benefits to prosumers: In Fig. 4, we show how the proposed social cooperation framework can improve the net benefits2

attained by the prosumers. In particular, we show the difference between the net benefits to prosumers with and without social

cooperation. By “without social cooperation”, we refer to the FiT scheme, in which a prosumer uses its battery either for storing

the excess solar energy from its rooftop solar or for spending the stored energy for household purpose and use only the surplus to

trade with the CPS. Now, according to Fig 4, first we note that the improvement in net benefits to prosumers for participating in

2Net benefit is the difference between utility and cost of trading energy.
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Fig. 5: Demonstration of opportunistic use of battery by different prosumers while participating in P2P trading.

P2P trading vary across both different time slots and across different prosumers. For example, while the improvement in net benefit

for prosumer one is as large as 15260 at time slot 40, it reduces to as low as 825 at time slot 82. In the morning, the improvement

in net benefit is zero. The pattern, which is mainly due to the different generation and energy demand pattern of the prosumer at

different time slot of the day, is also similarly random for other prosumers as well. The improvement of net benefits for different

prosumers are also different for the same reason. Nonetheless, the P2P trading via proposed social cooperation framework is never

detrimental to any prosumer at any given time slot of the day. As evident from Fig. 4, in most of the time slots of the selected

day P2P trading demonstrates improvements in net benefits to all the prosumers while the net benefit is at least as good as the

FiT scheme to prosumers in rest of the time slots.

Further, it is also important to note that, as the cooperative framework is designed, the prosumers do not require to always use

their batteries for participating in P2P trading. Rather, they can opportunistically choose to trade their battery energy when they

find it beneficial for them by following (5) and (6) and still manage to reap a better (or at least equal) utility compared to the case

without cooperation. For instance, as shown in Fig. 5, although a number prosumers are interested to trade their battery energy

with other peers of the network (at time slots 25 to 45, for example), there is no trade of battery energy from any prosumers during

time slots from 50 to 60. The benefit for P2P trading is, however, still obvious for time slots 50 to 60 as noted in Fig. 4. Such

opportunistic use of battery helps prosumers to intelligently use their batteries for P2P trading without significantly compromising

the lifetime of the batteries. Further, the proposed scheme may help prosumers to estimate how much they may need to invest on

their batteries based on their frequency of battery usage for trading purposes (e.g., a prosumer do not need to buy a large battery

if the result shows that it would be under used).

3) Prosumer-centric property: To show that the proposed P2P trading scheme is prosumer-centric, we show the net benefits

of ten prosumers that they achieve by cooperating with one another in P2P trading compared to the case without cooperation in

Table III. In the table, we have demonstrated the result for a selected month for the visual clarity of the demonstrated numbers.

However, a similar result holds for any other of the year. Now, according to Table III, the benefit to each prosumer for cooperating

with one another is more beneficial most of the time and never detrimental compared to participating in the FiT scheme. This

characteristic complies with the rational economic and elaboration likelihood properties of the motivational psychology model.

Indeed, outcomes of trading can be affected by both weather of the considered day and the type of the prosumer. For example,

for prosumer 2, 3, 5, and 9, social cooperation brings higher average benefits compared to other prosumers within the system.
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TABLE III: This table illustrates how the proposed P2P energy trading scheme exhibits the prosumer-centric property.

On the other hand, the average benefit to prosumer 7 and 8 relatively lower. Similar impacts on the outcome are also observed

for different days due to weather conditions. Days, when sunshine hours are relatively longer P2P trading, are proven to be more

beneficial. Examples such days in this experiment include days 2, 5, 8, 11, 14, 17, 23, 26, and 29. However, if sunshine hours

are limited such as in days 4, 10, 16, and 21, the benefits are lower. Note that for a completely cloudy day, the benefit of P2P

is as same as the FiT scheme. This is due to the fact that prosumers do not have any surplus to sell these days. Rather, they

use their energy from storage (no solar generation) to meet their own demand only. Nonetheless, the attained net benefit per

prosumer shows a consistent performance improvement on sunny days and similar performance on cloudy days when compared

to the FiT scheme. Thus, as per definition, it satisfies the positive reinforcement property. Hence, the proposed scheme exhibits

prosumer-centric property.

4) Computational complexity: Now, we discuss the computational complexity of the proposed scheme. The main computation

complexity of the proposed scheme, however, stems from the iterative decision-making process of each prosumer on under which

coalition it would like to participate in P2P trading. However, as the proposed scheme is designed, the decision made by each

prosumer is determined by a set of simple rules in Table II based on the information already available to the prosumer and through

very simple calculations in (18) and (19). As a result, the computation burden is negligible.

As for the decision of trading parameters, the computation complexity is greatly reduced by the split of overall trading into two

different coalitions. In coalition 1, which consists of prosumers at state 1, the computational complexity is very minimal as each
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prosumers utility and cost are decided by multiplications of already given parameters. For coalition 2, on the other hand, prices

are defined by two closed-form expressions with given parameters for each time slot. Thus, here is the computational burden is

also negligible.

Of course, for a very large number of prosumers, the computation complexity may increase. However, due to the above-mentioned

reasons, which would be true across any network, the computational complexity would feasible for adopting the proposed scheme.

VI. CONCLUSION

In this paper, we have studied a peer-to-peer energy trading scheme by exploiting the social cooperation between different

prosumers of the network. For this purpose, we have proposed a coalition formation game that can help each participating

prosumer to opportunistically decide whether it should put its battery in the peer-to-peer market for energy trading. It has been

shown that the coalition structure that stems from prosumers’ social cooperation at each time slot is stable and the resultant

peer-to-peer trading scheme is prosumer-centric. Further, we have conducted a number of case studies for the proposed scheme

based on Australia based household energy usage and solar generation data and provided some numerical results to show that

the proposed scheme can enable prosumers without any storage to participate and still be benefitted from peer-to-peer trading.

Further, it has been demonstrated that the proposed trading scheme has the potential to help prosumers to intelligently use their

batteries for peer-to-peer trading while consider the degradation cost of their battery. Here it is important to note the economic

benefit could be different and more for the feed-in-tariff scheme if the feed-in-tariff rate is significantly large. For example, when

feed-in-tariff was first offered to the prosumers in Queensland, Australia, the rate was 44 cents per kWh. Nevertheless, such a

high rate is not being offered anymore and the rate has reduced significantly as articulated in numerous existing studies.

A potential extension of the proposed research is to investigate the impact of such peer-to-peer trading on bus voltages as well

as on the overall losses of the network.
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