Flexible Cooperative Game Theory Tool for
Peer-to-Peer Energy Trading Analysis

Julian Dixon*, Malcolm McCullochf, Thomas Morstyn* and Liyang Han®
Department of Engineering Science, University of Oxford
Oxford, UK
Email: *jmdixon100@ googlemail.com, {Tmalcolm.mcculloch, J:thomas.morstyn, §liyang.han}@eng.ox.ac.uk

Abstract—This paper presents an extensible and adaptable
tool with which to study the use of cooperative game theory
for allocating rewards to prosumers in peer-to-peer energy
trading systems. With the aim of expanding the use of renewable
generation, the tool is a combination of the cooperative game
theory platform and a specific game which focuses on a prosumer
peer-to-peer (P2P) network in a distribution network feeder. The
final platform is able to run user defined P2P trading games,
including the aforementioned one, over multiple trading intervals.
It has two inbuilt allocation schemes which can be tested on the
games for fairness and stability.

Index Terms—Cooperative Game Theory - Distributed Net-
works - Shapley Value - nucleolus

I. INTRODUCTION

The transition towards renewable energy generation will
bring a fundamental change in the structure of the energy
distribution grid, from a vertical energy model towards a
horizontal one. This essentially means that individuals will
be capable of both consuming and producing energy (‘prosu-
ming’) without the need for centralised power plants [1]. The
intermittent and heterogeneous nature of prosumer resources
means that prosumers can benefit from P2P energy trading and
that the grid will have to adapt to accommodate for this new
distribution model [2].

Here, we investigate prosumers’ reactions to different P2P
schemes and in particular, what would incentivise them to
participate. One of the aspects is to look at how game theory
can aid the fair distribution of profit in a renewable based
P2P scheme. As cooperative game theory allows a reward
allocation method to be set up to apply to various player
behavioural scenarios, a single platform can run multiple
unique P2P trading games.

In comparison to competitive game theory, where players
act to maximise benefit for themselves [3], a cooperative game
is one where the primary actions of the group maximise the
overall benefit to the group [4]. Only once this course of action
has been taken, are the rewards for taking such actions divided
out. This approach has already been applied to similar power
system problems, such as aggregation of wind power [5] and
electric vehicle charging [6].

This paper proposes a cooperative game theory energy
trading platform. The first game to be developed: ‘energy
trading in a small distribution network’, allows us to study
the effects on individual participants of P2P collaboration. The

game also helps us understand the trade-offs of each allocation
scheme for calculating the rewards given to the players, with
regards to stability and inclusion in the trading group. The
platform is designed in an extensible manner, allowing the
possibility for it to be applied to other cooperative power
system games.

The major contribution of this work is the establishment of
a P2P cooperative game platform which can be configured
to reflect various energy trading schemes, and to compare
different reward allocation methods.

The rest of this paper is organised as follows: Section II
presents an introduction to P2P networks and section III to
cooperative game theory. Section IV details the workings of
the cooperative trading platform, whilst section V describes
the first game that has been written to run on it. With these
laid out, section VI explores different trading scenarios using
the game and section VII discusses the wider implications of
our findings for the P2P energy trading model.

II. PEER-TO-PEER ENERGY TRADING NETWORKS

For the purpose of the game, we have chosen to use a
‘distribution network feeder with residential PV generation
and energy storage’, which has been selected as this is
an important problem class for studying the integration of
distributed energy resources. This model has been selected
as it allows us make use of the existing energy grid as a
resource for energy security, permitting us to ignore the need
for built in redundancy. A connection to the national grid also
provides a good benchmark for the pricing structure of the
system. In addition to the points outlined above, connectivity
with the existing infrastructure means that we assume an AC
distribution.

In general, electricity suppliers sell energy to consumers
for a higher price than they offer for excess generation as
inflexible generation is less valuable. If prosumers are able to
cooperatively share energy and schedule their batteries, and
then only buy/sell the group’s net demand from their supplier,
they can obtain more value from their distributed resources
and a profit which needs to be allocated.

Profit should be allocated to any player who helps to balance
the peer-to-peer system, either by a) storing energy so that it
can be used when demand outstrips supply, or b) shifting their
supply or demand so that it acts to balance the P2P network.
We achieve this by charging the net energy surplus/deficit of



any coalition at the respective market rate to calculate v(C),
and thus we ascertain the marginal stability any given player
provides.

For the purpose of creating the game, the following assump-
tions have been made:

Assumption 1 (Half-hourly Meters). All energy generation
and production usage information is received on a half hourly
basis, the current standard for smart meters in building.

Assumption 2 (Perfect Information). All energy use and
energy generation information is perfect. This simplification is
so that the cooperative game theory can be tested in a ‘perfect
world’ scenario.

Assumption 3 (Unconstrained Local Grid). The game further
assumes a real power transfer model for the distribution
network. This model does not consider reactive power flows,
distribution network losses and power flow/voltage constraints
and is commonly used for energy management in distribution
networks [7].

Assumption 4 (Fixed Retail Supply Price). We assume that
the external retail supplier does not adjust prices based on the
actions of prosumers in the P2P scheme.

III. COOPERATIVE GAME THEORY

Here, we deal with the question of how to divided generated
profit in a manner which incentivises investment and participa-
tion in the P2P scheme. The following sections will examine
certain elements associated with cooperative games and how
they can help us achieve our aims.

We will be dealing with a given set, A of n players which
will be divided into coalitions, C.

A. Coalitions and Stability

Definition 1 (Coalition Structure). Our given set, A, is par-
titioned into subsets (coalitions), where each player is only a
member of one subset. This structure C'S = [C...Cy,] satisfies
two conditions: U”,C; = Aand i #j — C;NC; = 0.

The value (worth) of a coalition can be calculated at any
time-step during the game and is expressed by the charac-
teristic function, v thus; v(C;). An optimal coalition is one

m

that maximises v ) (C;). The marginal contribution of any

player, a to a coafi?iIC)n is the difference created in C’s value
by adding a to it. As the set of imputations I(v), with v
the characteristic function, is the set of allocations for the
Grand Coalition (GC, the set A),the terms ‘imputations’ and
‘allocations’ will henceforth be used interchangeably.

B. Convex Games and the Core

Definition 2 (Convexity [8]). In a convex game, the incentive
for joining a coalition grows with the size of the coalition:
U(Cl U Cz) +’U(Cl N CQ) > U(Cl) -+ U(CQ) VY C1,Cy C A.
It follows that: v(C; U {i} — v(Cy)) < v(Cy U {i} —
v(Cq)) V C; C Cy C N\{i} where {i} is an individual
player.

The above result is of great significance as, if we can design
our cooperative game to be convex, players will receive a
greater reward for joining the GC as opposed to another sub
coalition. As a result we can create a stable P2P trading group
[9].

The set of stabilising pay-off allocations for a coalition
game with transferable pay-offs is called the ‘core’. A trans-
ferable pay-off is where the reward can be transferred without
loss to another player.

Definition 3 (The Core [10]). A pay-off distribution, x (set
of allocations) as a whole is said to be in the core when no
set of players can achieve more value by forming a different

coalition. Formally: C(A,v) = {z| Y z; = v(A) V C C
i1
AS x> v(0)}
i1

The core can be calculated from the excesses of each coa-

lition. For coalition C: excess, e(x,C1) = v(Ci) — Y x;.
jeCr
The imputation is then found to be in the core if e(z, C) <

0, V C, in other words if there is no excess value in the pay-off
distribution. Crucially this means that all sets of imputations
in the core exhibit the property of group rationality.

However, as there can be multiple imputations in the core,
finding a set of allocations in the core does not unequivocally
prove convexity.

C. Shapley Value

Having detailed theoretical attributes of cooperative game
theory in sections III-A through III-B, this section will now
explore one possible solution to creating a ‘sensible’ pay-off
vector. Introduced in [11], the principle of the Shapley Value is
that it assigns each player their expected marginal contribution
to the value of the GC, assuming the players join in random
order. The sum is weighted to take into account the different
joining orders with which each coalition could be formed. The
value is calculated as:

¢i(v) =

5 [Clin —nl!Cl “ U cutin-e©) m

CCN\{i}

where n is the total number of players and C is a coalition
[11].

The Shapley value is based upon the following axioms,
which ensure the fairness of the allocation:

o Symmetry: For two equivalent players, i,j € A in the
sense that v(C U {i}) = v(C U {j}), for every subset C
of A which contains neither ¢ nor j, ¢;(v) = ¢;(v).

« Efficiency: The total profit is distributed amongst the
players: v(A) = > | ¢; where ¢; are the individual
allocations to the players.

o Additivity: For two games, described by value functions
v and w: ¢(v) + p(w) = d(v + w)

From these follows the important dummy player property:

if a player does not contribute to the value of any coalitions,



their pay-off is 0. One major advantage of using the Shapley
value is that it has a unique solution so that, even though the
core may contain multiple pay-off distributions, calculating the
Shapley value will only leave one pay-off option [12].

However, the Shapley Value imputation may not be in the
core, if the game with which it is calculated is non-convex.
In this instance players will not want to always be in the GC,
destabilising the P2P network.

D. nucleolus

An alternative method to calculate the set of imputations is
the nucleolus, which is realised by finding the most dissatisfied
coalition with a proposed initial imputation and minimising
this worst inequity. This process is repeated until the excess
vector is minimised lexicographically.

If the nucleolus is in the core then the game is said to
be ‘balanced’ [13]. In one respect, a balanced game is still
sufficient for our P2P system as it ensures, by using the
nucleolus as the pay-off distribution, no player is better off
outside the GC. On the other hand, it does not have a closed
form of expression and often precludes the ‘fairness’ axioms
upon which the Shapley value is based.

IV. COOPERATIVE GAME THEORY TOOL

The ‘Cooperative Trading Platform’ (CTP) was written in
Python, a dynamic strongly-typed language that is suitable
for a modular and extensible program. An overall UML of
the implementation is shown in figure 1. The tool works as
follows:
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Fig. 1. Class UML for the program, not showing output and auxiliary classes.

1) Individual players are built as instances from any num-
ber of different player (object) types found in the ‘Game’
directory.

2) The players are passed to ‘TradeControl’ (TC) which
implements the cooperative game theory aspect of the
program. Here all of the possible combinations of the
players are formed and passed to the specific game for
a set number of time-steps.

3) The specific game runs with the players and returns
to TC a dictionary of the coalition values, v(C), as
described in section III, which are then stored as a
variable of the TC instance associated with that time
period of the run.

4) From this dictionary of coalition values, a pay-off vector
can be calculated by the ‘Allocations’ class using either
the Shapley Value or nucleolus allocation scheme.

5) Individual allocations from the pay-off vector are then
passed back to the respective players.

6) From here, players can be queried for visual and statis-
tical outputs.

In order to establish the effects of using cooperative game
theory to allocate profit over a long time period the tool is
then able to seed new coalitions using the final state of players
from the GC of the previous game (as seen if figure 2). This
GC seeding process is imperative as it prevents divergence of

coalition states over the course of multiple games.
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Fig. 2. Diagram detailing internal system timings for the platform, showing
multiple games being played sequentially between the min and max input
number of timesteps, each over a ‘val_calc’ number of steps

V. A PEER TO PEER ENERGY TRADING GAME

The cooperative game simulates peer-to-peer energy trading
in a small distribution network, using the ‘connected micro-
grid” model, as shown in figure 3. The model has deliberately
been kept small, running in the region of 2-15 players each
time, as the computational complexity of calculating the v(C)
for each coalition is O(n!/(n — k)!k!), where n is the total
number of players and k the number of players in the coalition,
thus requiring the total number of players to be kept small for
a suitable computation time. An overview of the game’s design
is shown in figure 4.

A. Game Players

Each player in the game has been set up to simulate a
house in the distribution network, with it’s own energy use,



To National Grid

Fig. 3. Diagram of a distribution network feeder

generation and storage facilities. Real energy consumption
data has been used from the London data store [14], which
was collected as part of the UK Power Networks led ‘Low
Carbon London’ project between the years 2011 and 2014.

Energy generation is from PV cells and is modelled by
a truncated Gaussian distribution. Each house has a battery
where the total energy capacity and the charge/discharge rates
(C-rates) are input parameters. Storing energy over the end of
a value calculation period will either falsely create or remove
value from a coalition. Thus, at the end of every calculation
period the stored energy in every coalition is worked into the
v(C) at the buying price of the retail market, which only works
with fixed market prices.

| patery

Retail
supplier

Buy/sell
excess
3

1~

P2P Energy
Trading

Fig. 4. Overview of the game with numbered steps 1) Houses try to balance

themselves 2) The P2P scheme tries to balance itself 3) Surplus/deceit energy
traded with the grid

B. Energy Balancing

At every time-step each house first tries to balance its own
energy needs. It achieves this by subtracting the energy it
consumes from that which it has produced and then using
its battery to balance the difference. The battery is not only
limited by either the amount of energy it has stored or its spare
capacity, but also by its C-rate, the amount of energy it can
source or sink over the given half hour period.

Once the house has tried to balance itself, any demand or
surplus it is unable to cope with is sent as an ‘energy needed’
request (positive or negative) to the P2P pool. At the same
time, each house tells the pool the maximum amount of energy
it can store from the pool and the maximum amount of energy
its battery can give to the pool. This process is the nested loop
in algorithm 1 and is much the same for the P2P system itself.
However, in the situation where the retail price is time-varying
algorithm 1 is not guaranteed to give the optimal solution, and
a linear optimization would need to be used instead.

C. The Role of the Energy Supplier

As a consequence of assumption 4, we can use the retail
prices to constrain the prices in the P2P scheme. If each

Algorithm 1 Algorithm for coalition value calculations
Input: coalition of houses (size M)
total number of timesteps, N
Output: v(C)
LOOP Process
1: for i =1to N do
2 for (house =1 to M) do
3 balance net energy internally
4 return net energy demand
5: return battery state
6
7
8
9

end for
3 (net energy demands)
> (battery states)
:  balance system internally
10:  balance system using ext. grid
11: end for
12: v(C) < coalition state
13: return v(C)

coalition is taken as a black box system and the net energy
flow into or out of it is charged at the external retail price, we
can determine the value created by the players in that coalition
working together rather than separately. Thus the coalition’s
worth is v(C) = P(C) — Zivzl P({i}), where P denotes the
profit that the load shifting creates, of either the coalition P(C')
or the players acting alone (i = 1 : N), over the course of that
value calculation period. An extension to the game would be
to consider micro-grids which may continue operating when
islanded.

VI. CASE STUDY

This case study considers a direct comparison of the Shapley
value and nucleolus allocation methods for four houses. Impu-
tations from the nucleolus that are within the core only ensure
that no player can achieve a better allocation than they receive
in the GC, rather than the fairness properties guaranteed by
the Shapley value. Thus, we specifically focus on determining
which players are better and worse off under each different
calculation regime.

A. Inputs

As seen in table I, houses A and B have large PV generation
capacity, minimising the system’s reliance on the national grid.
Houses A, B and C have batteries, with C only having a large
storage capability and no generation itself. Houses A-C have
an energy use profile which suggest no one is at home during
the day, whilst house D has more constant energy use (figure
5b). House D represents a house which have failed to invest
in renewable technology, but have still signed up to be part of
a P2P scheme.

The study runs the game for 400 half-hour timesteps (4
days), with pay-off allocations every 10 timesteps (5 hours).
xternal Retail suppler sells energy to the prosumer coalition
for Sp/KWh and buys energy for 1.5p/KWh.



TABLE I
INPUTS TO THE FOUR HOUSES RUNNING FOR THE CASE STUDY.

House A B C D
Battery Capacity (KW h) 134 7 20 0
PV roof area (m?2) 120 80 0 0
In/Out C-Rate (kW h/30 minutes) 5 5 5 0
Battery levels of houses in market
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Fig. 5. House properties over time: (a) battery levels (b) energy use pattern

B. Results

Figure 6 shows the allocations rewarded to each house, in
excess of what they would have paid the external supplier if
they had not been in a P2P trading scheme, by (a) the Shapley
value and (b) the nucleolus.

Each day house C is rewarded for storing the excess
generation of houses A and B, which do not have sufficient
storage capacity of their own. As there is always sufficient
energy in the system (ref. figure 5a), the allocations rewarded
are never 0. House D shows that, as a unique energy use profile
benefits P2P trading, it is still technically feasible to benefit
a P2P scheme (and thus collect a reward) without making an
investment. Despite house D having a large pay-off vector at
the time of peak generation, a lack of generation or storage
creates a volatile imputation.

The results of the Shapley allocation scheme are not always
in the core and therefore it would benefit some of the houses
to break from the GC and either trade on their in smaller
groups or individually. As the nucleolus is always in the core
and thus forms a stable GC it is the preferential allocation
method, despite not possessing all the fairness axioms of the
Shapley value. The most noticeable difference is that houses
with increased storage benefit more under the set of nucleolus
imputations than under the Shapley ones, at the expense of
producers of renewable energy by PV panels.

VII. CONCLUSION

This paper presented a tool with which to study the use of
cooperative game theory for allocating rewards to prosumers
in P2P systems. We have also investigated energy trading in a
small distribution network, finding which imputation scheme
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Fig. 6. Allocations to each house at the end of every game (value calculation)
period (a) by the Shapley value (b) by the nucleolus

best enables us to incentivise investment and participation in
such a P2P scheme. Further work could include tuning the
tool to run with a larger pool of players or developing games
with different rules.

A limitation is the computational complexity. This is an area
for future research to investigate suitable approximation and
sampling strategies, such as those proposed by Maleki [12]. A
further interesting extension to the current game, would enable
it to work with time varying external energy prices.
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