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ABSTRACT Sharing economy has become a socio-economic trend in the transportation and housing
sectors. It develops business models leveraging underutilized resources. Like those sectors, power grid is
also becoming smarter with many flexible resources, and researchers are investigating the impact of sharing
resources here as well that can help to reduce cost and extract value. In this work, we investigate sharing
of energy storage devices among individual households in a cooperative fashion. Coalitional game theory
is used to model the scenario where the utility company imposes time-of-use (ToU) price and net metering
(NM) billing mechanism. The resulting game has a non-empty core and we can develop a cost allocation
mechanismwith easy to compute analytical formula. Allocation is fair and cost-effective for every household.
We design the price for the peer-to-peer (P2P) network and an algorithm for sharing that keeps the grand
coalition always stable. Thus sharing electricity of storage devices among consumers can be effective in this
set-up. Our mechanism is implemented in a community of 80 households in Texas using real data of load
demand and solar irradiance and the results show significant cost savings for our method.

INDEX TERMS Coalitional games, energy storage, net metering, P2P network, sharing economy, ToU price.

I. INTRODUCTION
The concept of sharing economy was first proposed by
Marcus Felson and Joe L. Spaeth1978 [1]. It means sharing
of resources and services between the owners and users,
which maximizes the utilization of resources to meet the
requirements of all parties involved [2]. Sharing economy
with successful business set-ups has been groundbreaking in
the transportation and housing sectors over the last decade.
Uber, Ola cabs, Zoomcar, Airbnb, and HomeToGo are some
examples of companies in different countries that use sharing
economy for their businesses [3], [4]. Sharing economy has
huge potential in smart grid applications as well [5], [6], [7]
due to the introduction of flexible resources in order to cater
to the variability associated with deep renewable penetration.
In the last few years, there has been an investigation of sharing
economy using various resources in smart grid like solar PV
energy [8], hydrogen energy [9], battery storage energy [10],
multiple energy systems [11].
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The use of energy storage systems continues to increase in
residential and large-scale sectors. The major advantages that
are driving the increased use of storage devices are system
peak shaving, arbitrage, load management, storing excess
wind and solar generation, etc. [12]. A study is conducted
in [13] comparing the cost and utilization of individual and
shared energy storage operations with various parameter
settings in a residential community with time-varying prices.
It is found that shared energy storage is an economical and
effective way to solve the problems of peak demand and
variability of renewable energy.

The sharing economy of energy storage leads to the
formation of a P2P network. In [14], a P2P market
model is proposed with sharing of individual household
storage units taking into account the strategic behaviors
of participants using the Karush-Kuhn-Tucker optimality
condition; a mixed-integer linear program is used as the
algorithm for implementation, providing fair sharing. In [15],
a business model for energy storage trading in a small
neighborhood of multiple households with a common energy
storage system is considered, the capacity of which is shared
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among the households by an auction mechanism, and the
method is implemented using genetic algorithm. In [16],
different energy allocation mechanisms are compared for
private energy storage and joint community storage in a
residential community. A virtual power plant model of the
distributed energy resources for optimal operation [17] and
aggregated revenue using gravitational search optimization
algorithm are discussed in [18]. Using a mixed integer
linear programming (MILP) model, an aggregator or a
third party energy management service provider selects the
allocation scheme based on the characteristics and number
of households, energy storage system capacity, the impact on
the costs, storage utilization, and fairness to the community.
MILP can be used to develop P2P energy trading models
using an aggregator with auction mechanism in [19] and [14]
with a decentralized approach [20], [21]. A rolling-horizon
decision-making strategy was developed to maximize the
revenue of stakeholders [22]. In all the above-mentioned
works [14], [15], [16], [19], [20], [21], [22], optimization is
used to solve the formulated problems.

Game theory is an analytical framework that studies
complex interactions among independent and rational players
and devises strategies that can guarantee certain performance
requirements under realistic assumptions [23]. Stackelberg
game models are studied for sharing of energy storage in
residential communities in [24] and [25]. Non-cooperative
game models with Nash equilibrium solution are developed
in [26], [27], [28], [29], [30], and [31]. An energy storage
sharing framework to provide strategies for the allocation
of both energy and power capacity is developed in [26].
A multi-period game theoretic model is proposed that takes
into account the possibility of shifting electricity demand,
production, storage, and selling energy between the users
and the providers in [27]. A double-auction market model
is designed in [28] that allows the incorporation of power
markets with multiple buyers and sellers, allowing the
strategic sale of energy depending on the current market state.
An advanced energy storage allocation method is proposed
based on the interactions among multiple agents during an
energy transaction process in a distribution system in [29].
In all of the above sharing models [14], [15], [16], [24],
[25], [26], [27], [28], [29], [30], [31], only real-time dynamic
pricing is considered, which is difficult to implement in a
practical system.

The time-of-use (ToU) pricing policy allows users to
alter their electricity consumption schedules to different time
periods in a day, and it has a simple design that is easy
for consumers to understand [32]. Games with a sharing
mechanism for a single peaked time-of-use pricing scheme
are formulated and analyzed [33], [34], [35], [36], [37].
In [33], a sharing mechanism design using Nash equilibrium
with two coupled games, namely the capacity decision game
and the aggregator user interaction game is solved. In [34],
storage investment decisions of a collection of users is
formulated as a non-cooperative game. A cooperative energy
storage business model based on the sharing mechanism is
studied [36] to maximize the economic benefits with fair cost

allocation for all users. Two scenarios are considered in [37]:
one where consumers have already invested in individual
storage devices, and another where a group of consumers are
interested in investing in joint storage capacity and operate
using cooperative game theory. None of the coalitional game
models design the P2P price that makes the grand coalition
stable. A coalition game model for P2P energy trading with
both solar and energy storage units for a ToU pricing is
developed and analyzed in [38].

Along with the ToU pricing policy, utility companies
across the world are also introducing innovative billing
mechanisms using which consumers can sell their excess
energy back to the grid [39]. Net metering is one such popular
billing mechanism [40]. Many states in the US have a net
metering policy [41]. A few works have studied the benefits
of sharing energy under net metering policy [42], [43]. Still,
the benefits of sharing energy in a system that uses net
metering billing mechanism along with time-of-use pricing
have not been explored so far.

In this paper, we consider a set of households with storage
units interested in sharing their excess energy among peers
under both net metering and time-of-use pricing. We first
prove that the electricity cost of the household operating
under a time-of-use pricing policy can be further reduced by
introducing a net metering billing mechanism. We then show
using the coalitional game theory that sharing the energy of
electrical storage units in a P2P network will bring down
the electricity costs even further. The formulated coalitional
game is profitable and stable. We formulate a mechanism for
excess energy sharing and also design the P2P price. A cost
allocation rule is also developed that distributes the joint
electricity cost of the coalition among users. So the formation
of a coalition is very effective in this scenario.
The novel contributions of this paper are

i) Development of an effective cooperative energy sharing
model through a peer-to-peer network in a residential
community using household storage units under net-metering
and time-of-use pricing conditions.

ii) Design of P2P price for energy trading and a sharing
mechanism such that the grand coalition remains in the core
of the game.

iii) An exhaustive case study of a residential community
of 80 households using real data that shows significant cost
savings due to energy sharing.

Thus, the central innovation in our work is that we have
used cooperative game theory to model energy sharing
in a residential community and have shown that the cost
allocations are in the core of the game under net metering
and time-of-use pricing.

The rest of the paper is organized as follows. Section II
presents the mathematical formulation of the proposed
model. In Section III, we discuss the main theoretical results
of the cooperative game model. In Section IV, we design the
price for peer-to-peer energy trading and an algorithm for
the sharing mechanism, and in Section V, we analyse the
model with real-world data. Finally, conclusions are drawn
in Section VI.
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II. PROBLEM FORMULATION
We consider a set of households as consumers of electricity
indexed by i ∈ N = {1, 2, . . . ,N }. The region where the
households are situated has time-of-use electricity price. Each
day is divided into two fixed continuous periods: peak (h) and
off-peak (l). The price of electricity (λ) purchased from the
grid is represented by λh during the peak period and λl during
the off-peak period. The daily electricity consumption of a
household during the peak and off-peak periods are Xi and
Yi, respectively. The daily electricity consumption cost of a
household without any storage investment and with time-of-
use pricing is

Ju(i) = λhXi + λlYi (1)

Nowwe assume that each consumer has invested in an energy
storage device with capacity Bi. We consider the storage
devices to be ideal ones. The consumers plan to charge the
storage during the off-peak period and use it during the peak
period. The resulting daily consumption cost of the household
is

Jv(i) = λh(Xi − Bi)+ + λlYi + λl min{Bi,Xi} (2)

where (x)+ = max{x, 0} for any real number x. It is
straightforward to see that Jv(i) ≤ Ju(i). But the storage
also has a capital cost. Storage devices of each house might
be made using different technologies, and they were also
acquired at different times. As a result, each consumer has
a different daily capital cost λbi amortized over its lifespan.
We assume the values of λbi give each house an arbitrage
opportunity. Thus the daily cost of each household having a
storage device under the time-of-use pricing mechanism [34]
is

Jw(i) = λbiBi + λh(Xi − Bi)
+
+ λlYi + λl min{Bi,Xi} (3)

and Jw(i) ≤ Ju(i). Next, we assume that the net metering
billing mechanism is introduced in our set-up. Under the net
metering billing mechanism, the house is compensated for
the net power generation at a price µ at the end of a billing
period. Otherwise, the house would be required to pay the
net consumption at a price λ for the deficit power consumed
from the grid. The price of selling electricity back to the grid
µ for peak and off-peak periods are µh and µl , respectively.
We consider the following pricing conditions.

λh ≥ µh (4)

λl ≥ µl (5)

µh ≥ λl (6)

Under this scenario [44], the daily cost of the household is

J (i) = λbiBi + λh(Xi − Bi)
+
− µh(Bi − Xi)+

+ λl(Yi + Bi) (7)

Theorem 1: The cost of electricity consumption of a
household is less under net metering along with TOU pricing
compared to under only TOU pricing and no net metering.

Proof: The condition (6) ensures that it is cost-effective
to sell any extra electricity available in the storage at the

FIGURE 1. Schematic of grid-connected community with peer-to-peer
network.

end of the peak period to the grid and charge the entire
storage during off-peak, taking electricity from the grid. The
cost-effectiveness can be shown by mathematics as follows.

For Xi ≥ Bi,

J (i) = λbiBi + λh(Xi − Bi)+ λl(Yi + Bi),

Jw(i) = λbiBi + λh(Xi − Bi)+ λl(Yi + Bi).

∴ J (i) = Jw(i).
For Xi < Bi,

J (i) = λbiBi − µh(Xi − Bi)+ λl(Yi + Bi),

Jw(i) = λbiBi + λl(Yi + Xi).

As µh ≥ λl , Jw(i) ≥ J (i).
Thus a consumer with storage can take advantage of time-

of-use price as well as net metering. Next, we investigate
the benefits of sharing energy from residential storage units
in the community of households. The consumers aggregate
their storage units and use the aggregated storage capacity
to store energy during off-peak periods that they will later
use or sell during peak periods. By aggregating their storage
units, the unused capacity of some consumers may be
used by others, producing cost savings for the group. The
price of selling or buying excess energy stored by all the
consumers is assumed to be p. We analyze this scenario using
cooperative/coalitional game theory [45]. Fig. 1 illustrates the
proposed grid-connected residential community with a P2P
network.

We define the coalitional game as G(N , J ) with a finite
number of consumers from the set N , each having value
function J (i), which is actually the daily cost of electricity
consumption. The consumers participate in the game to
minimize the joint cost and cooperatively share this cost.
A coalition is any subset of consumers S ⊆ N where N is
the grand coalition. XS =

∑
i∈S Xi denotes the aggregated

peak-period consumption, YS =
∑

i∈S Yi is the joint
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off-peak period consumption, and the joint storage capacity is
BS =

∑
i∈S Bi. The daily cost of a coalition S is given by

J (S) =
∑
i∈S

λbiBi + λh(XS − BS )
+
− µh(BS − XS )

+

+ λl(YS + BS ). (8)

III. THEORETICAL RESULTS FOR THE COALITIONAL
GAME
In this section, we develop the theoretical results for our
game. For the cooperation to be advantageous, the game
must be proved to be subadditive, i.e., for a pair of coalitions
S, T ⊂ N which are disjoint, i.e., S ∩ T = ∅, they should
satisfy the condition J (S)+ J (T ) ≥ J (S ∪ T ).
Theorem 2: The cooperative game G(N , J ) for sharing of

storage energy is subadditive.
Proof: As per definition, the expressions of J (S), J (T ),

and J (S ∪ T ) are as given below,

J (S) =
∑
i∈S

λbiBi + λh(XS − BS )
+
− µh(BS − XS )

+

+ λl(YS + BS ),

J (T ) =
∑
i∈T

λbiBi + λh(XT − BT )+ − µh(BT − XT )+

+ λl(YT + BT ),

and

J (S ∪ T ) =
∑

i∈S∪T
λbiBi + λh(XS − BS + XT − BT )+

−µh(BS − XS + BT − XT )+

+ λl(YS + BS + YT + BT ).

We can identify four possible cases, (i) XS ≥ BS and XT ≥
BT , (ii) XS ≥ BS , XT < BT and XS + XT ≥ BS + BT ,
(iii) XS ≥ BS , XT < BT and XS + XT < BS + BT , and
(iv) XS < BS and XT < BT .
When XS ≥ BS , XT ≥ BT ,

J (S) =
∑
i∈S

λbiBi + λh(XS − BS )+ λl(YS + BS ),

J (T ) =
∑
i∈T

λbiBi + λh(XT − BT )+ λl(YT + BT ),

and

J (S ∪ T ) =
∑

i∈S∪T
λbiBi + λh(XS − BS + XT − BT )

+ λl(YS + BS + YT + BT ).

As XS +XT ≥ BS +BT , we can see that J (S ∪T )= J (S)+
J (T ). Similarly we can prove for XS < BS and XT < BT .
When XS ≥ BS , XT < BT and XS + XT ≥ BS + BT ,

J (S) =
∑
i∈S

λbiBi + λh(XS − BS )+ λl(YS + BS ),

J (T ) =
∑
i∈T

λbiBi − µh(BT − XT )+ λl(YT + BT ),

J (S ∪ T ) =
∑

i∈S∪T
λbiBi + λh(XS − BS + XT − BT )

+ λl(YS + BS + YT + BT ),

J (S)+ J (T ) =
∑
i∈S

λbiBi +
∑
i∈T

λbiBi + λh(XS − BS )

−µh(BT − XT )+ λl(YS + BS + YT +BT ).

Comparing J (S∪T ) with J (S)+J (T ), we can see that J (S∪
T ) ≤ J (S) + J (T ). Similarly we can prove for XS ≥ BS ,
XT < BT and XS + XT < BS + BT .

Thus, in all four cases it is proved that J (S ∪ T ) ≤ J (S)+
J (T ).
The cooperative game G(N , J ) for sharing of storage energy
is subadditive and hence the joint investments of all players
in a coalition is never greater than the sum of individual
player cost. Therefore, cooperation is advantageous to the
players in the game. But we also need to check if the
game is stable. In this game, once the grand coalition is
formed, players should not break it and be more profitable by
forming coalition with a subset of players. Mathematically,
the condition is called balancedness [46]. In the next theorem,
we will show that our cooperative game is balanced.
Theorem 3: The cooperative game G(N , J ) for sharing of

storage energy is balanced.
Proof: Let α be a positive number.

J (αS) =
∑
i∈S

λbi (αBi)+ λh(αXS − αBS )
+

−µh(αBS − αXS )
+
+ λl(αYS + αBS )

= α
∑
i∈S

λbiBi + αλh(XS − BS )
+
− αµh(BS − XS )

+

+αλl(YS + BS )

= α

[∑
i∈S

λbiBi + λh(XS − BS )
+
− µh(BS − XS )

+

+ λl(YS + BS )
]

This shows us that J (αS) = αJ (S), thus J is a positive
homogeneous function. Let α be any balanced map such that
α : 2N → [0, 1]. For a balanced map,

∑
S∈2N

α(S)1S (i) =

1 where 1S is an indicator function of set S, i.e., 1S (i) = 1 if
i ∈ S and 1S (i) = 0 if i /∈ S. As the cost J is a homogeneous
function and the game is also subadditive, so we can write,∑
S∈2N

α(S)J (S)

=

∑
S∈2N

J (α(S)XS , α(S)YS , α(S)BS )

≥ J
( ∑
S∈2N

α(S)XS ,
∑
S∈2N

α(S)YS ,
∑
S∈2N

α(S)BS
)

= J
(∑
i∈N

∑
S∈2N

α(S)1S (i)Xi,
∑
i∈N

∑
S∈2N

α(S)1S (i)Yi,
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∑
i∈N

∑
S∈2N

α(S)1S (i)Bi
)

= J (XN ,YN ,BN ) = J (N )

where J (N ) is the cost of the grand coalition defined as

J (N ) =
∑
i∈N

λbiBi + λh(XN − BN )+ − µh(BN − XN )+

+ λl(YN + BN )

This shows that the game G(N , J ) is balanced.
Thus the game is profitable and stable. A grand coalition

will be formed, and consumers will not break the coalition
rationally as the allocation is.

Now, the joint cost of the grand coalition needs to
be allocated to the individual agents. Let us discuss cost
allocation in general. Let ξi denote the cost allocation for
consumer i ∈ S. For coalition S, ξS =

∑
i∈S
ξi is the sum

of cost allocations of all members of the coalition. The cost
allocation is said to be an imputation if it is simultaneously
efficient (J (S) = ξS ) and individually rational (J (i) ≥
ξi) [47]. Let I denote the set of all imputations. The core, C of
the coalition game G(N , J ) [47] includes all cost allocations
from set I such that cost of no coalition is less than the sum of
allocated costs of all consumers. In mathematical notations,
the definition is as follows:

C =
(
ξ ∈ I : J (S) ≥ ξS ,∀S ∈ 2N

)
According to Bordareva-Shapley value theorem [46], the

coalitional game has a non-empty core if it is balanced. Since
our game is balanced, the core is non-empty, and hence it
is possible to find a cost allocation that is in the core of the
coalition game. In this paper, we develop a cost allocation ξi
with an analytical formula that is straightforward to compute.

ξi =

{
λbiBi + λh(Xi − Bi)+ λl(Yi + Bi) if XN ≥ BN
λbiBi − µh(Bi − Xi)+ λl(Yi + Bi) if XN < BN

Theorem 4: The cost allocation ξi, i∀N belongs to the
core of the cooperative game G(N , J).

Proof: The cost of the grand coalition is

J (N ) =


∑
i∈N

λbiBi + λh(XN − BN )+ λl(YN + BN ) if XN ≥ BN

∑
i∈N

λbiBi − µh(BN − XN )+ λl(YN + BN ) if XN < BN

The cost of an individual household without joining the
coalition is

J (i) =
{
λbiBi + λh(Xi − Bi)+ λl(Yi + Bi) if Xi ≥ Bi
λbiBi − µh(Bi − Xi)+ λl(Yi + Bi) if Xi < Bi

For XN ≥ BN ,∑
i∈N

ξi =
∑
i∈N

λbiBi + λh(XN − BN )

+ λl(YN + BN ) = J (N )

For XN < BN ,∑
i∈N

ξi =
∑
i∈N

λbiBi − µh(BN − XN )

+ λl(YN + BN ) = J (N )

So
∑
i∈N

ξi = J (N ) and the cost allocation (ξi : i ∈ N ) satisfies

the budget balance.
We now need to prove that cost allocation is individually

rational i.e., ξi ≤ J (i) for all i ∈ N .

For XN ≥ BN ,

ξi = λbiBi + λh(Xi−Bi)+ λl(Yi + Bi),

If Xi ≥ Bi,

J (i) = λbiBi + λh(Xi−Bi)+ λl(Yi + Bi) = ξi.

If Xi < Bi,

J (i) = λbiBi − µh(Bi − Xi)+ λl(Yi + Bi),

ξi = J (i)− (λh − µh)(Bi − Xi),

∴ ξi = J (i)− (λh − µh)(Bi − Xi)+.

For XN < BN ,

ξi = λbiBi − µh(Bi−Xi)+ λl(Yi + Bi),

If Xi < Bi,

J (i) = λbiBi − µh(Bi−Xi)+ λl(Yi + Bi) = ξi.

If Xi ≥ Bi,

J (i) = λbiBi + λh(Xi−Bi)+ λl(Yi + Bi),

ξi = J (i)− (λh − µh)(Xi − Bi),

∴ ξi = J (i)− (λh − µh)(Xi − Bi)+.

This proves individual rationality of the cost allocation.
Thus the cost allocation is an imputation. Now, in order
to prove that the imputation ξi belongs to the core of the
cooperative game, we need to prove that the

∑
i∈S
ξi ≤ J (S)

for the coalition S ⊆ N .
If XN ≥ BN ,∑

i∈S
ξi =

∑
i∈S

λbiBi + λh(XS − BS )+ λl(YS + BS )

= J (S)− (λh − µh)(BS − XS )
+

If XN ≤ BN ,∑
i∈S
ξi =

∑
i∈S
λbiBi − µh(BS − XS )+ λl(YS + BS )

= J (S)− (λh − µh)(XS − BS )
+

We can observe that
∑
i∈S
ξi ≤ J (S) for any S ⊆ N and thus

the cost allocation ξi is in the core.

IV. SHARING MECHANISM AND DESIGN OF P2P PRICE
In this section, we discuss the design of peer-to-peer price
that is used for energy sharing among the storage units which
are forming the coalition. We have considered that the houses
in the residential community are interconnected by a P2P
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network through which they can share energy between them.
We have developed a sharing mechanism in order to properly
distribute the energy between the houses for an appropriate
price so that the cost allocations, ξi remain in the core, C.
The price (p) for sharing of energy between the peer-to-peer
network is defined by

p =
{
λh if XN ≥ BN
µh if XN < BN

When a house wants to sell or buy from the utility, we denote
the price as,

g =
{
λh if Xi ≥ Bi
µh if Xi < Bi

We examine the conditions of a house with respect to the
community conditions and discuss how sharing of energy
would take place and what the cost savings would be. When
a house is in the deficit of energy (Di), it would either buy the
required energy from the P2P network for a price, p, or buy
from the grid for a price g. When a house has excess energy
(Ei), it would either sell the excess energy to the P2P network
for a price, p, or sell to the grid for a price g. We denote Gi
as the cost savings achieved by sharing of energy in the P2P
network.

If XN ≥ BN ,

p = λh.

If Xi < Bi,

g = µh,

Ei = Bi − Xi,

pEi > gEi,

Gi = (p− g)Ei = (λh − µh)Ei,

∴ ξi < J (i).

If Xi ≥ Bi,

g = λh,

Di = Bi − Xi,

pDi = gDi,

Gi = (g− p)Di = (λh − λh)Di = 0,

∴ ξi = J (i).

We consider a condition when the combined peak-period
consumption is more than the combined storage capacity
(XN > BN ). In this condition, if all houses have their
individual peak-period consumption more than their storage
capacities (Xi > Bi), there would be no sharing of energy in
the P2P network and, therefore, no cost savings due to energy
sharing. Sharing of energy and cost savings wi=l only occur
if one or more houses have excess storage energy (Xi < Bi).
In such cases, the houses whose consumption is more than
their storage capacities (Xi > Bi) will first utilize the excess
storage energy (

∑
i∈N

Ei) from the other houses for the price

p = λh and will buy the remaining energy (
∑
i∈N

Di −
∑
i∈N

Ei)

from the grid for the same price g = λh. Thus they would not

have any cost savings because of energy sharing. The houses
whose consumption is less than their capacities (Xi < Bi)
will sell their excess energy for the price p = λh in the P2P
network instead of selling to the grid for the price g = µh;
thus, they would have cost savings via energy sharing of
(λh − µh)Ei.

If XN < BN ,

p = µh.

If Xi < Bi,

g = µh,

Ei = Bi − Xi,

pEi = gEi,

Gi = (p− g)Ei = (µh − µh)Ei = 0,

∴ ξi = J (i).

If Xi ≥ Bi,

g = λh,

Di = Bi − Xi,

pDi < gDi,

Gi = (g− p)Di = (λh − µh)Di,

∴ ξi < J (i).

We consider another condition when the combined
peak-period consumption is lower than the combined storage
capacity (XN < BN ). In this condition, if all houses have
their individual peak-period consumption less than their
storage capacities (Xi < Bi), there would be no sharing of
energy in the P2P network and thus no cost savings due
to energy sharing. Sharing of energy and cost savings will
only occur if one or more houses have deficit storage energy
(Xi > Bi). In such cases, the houses whose consumption is
less than their storage capacities (Xi < Bi) will first sell their
excess storage energy to the other houses which are in deficit
(
∑
i∈N

Di) for the price p = µh, and will sell the remaining

energy (
∑
i∈N

Ei−
∑
i∈N

Di) to the grid for the same price g = µh;

therefore, they would not make any savings in cost because
of energy sharing. The houses whose consumption is more
than their capacities (Xi > Bi) will buy the required energy
from the P2P network for the price p = µh instead of buying
from the grid for the price g = λh; thus, they would have cost
savings of (λh − µha)Di.

V. SIMULATION STUDY AND RESULT ANALYSIS
A. DATA PROCESSING
We consider a community of eighty houses from the Pecan
Street project of 2016 in Austin, Texas [48] with consumer
codes given in Table 1 as houses 1 to 80, respectively.We take
the consumption data of each house for an entire year and
divide it into peak periods from 8 hrs to 22 hrs and off-peak
periods from 22 hrs to 8 hrs.

The daily total load consumption during peak-period of
all 80 houses is graphically represented using box plots in
Fig. 3. Houses 44 and 76 have very high consumption with
an average of around 70 kWh when compared to the rest of
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TABLE 1. Consumer codes of all 80 households.

TABLE 2. Energy storage capacities of all 80 households (kWh).

the houses. In comparison, 18 houses have low consumption,
with an average of 9 kWh to 16 kWh. Another 18 houses
havemoderately low consumption with an average of 17 kWh
to 21 kWh, 38 houses have moderate consumption with an
average of 22 kWh to 34 kWh, and 4 houses have high
consumption with an average of around 40 kWh.

In Fig. 2, we can observe the 24 hr load consumption
of four selected houses: 13, 38, 44, and 76. House 76 has
a high consumption period from 07 hrs to 20 hrs, with a
mean peak consumption of around 1.5 kWh. House 44 has
a high consumption period from 17 hrs to 20 hrs, with a
mean peak consumption of around 1.5 kWh. House 13 has a
high consumption period from 12 hrs to 23 hrs, with a mean
peak consumption of around 0.4 kWh. House 38 has a high
consumption period from 17 hrs to 24hrs, with a mean peak
consumption of around 0.5 kWh. Thus we can see that houses
have different mean peak values and mean peak consumption
periods; this is the case for all 80 houses.

We consider that the utility has set the buying price for
peak and off-peak periods as 54�/kWh and 22�/kWh, and
the selling price for peak and off-peak periods as 30�/kWh
and 13�/kWh, respectively.We consider that all eighty houses
purchase energy storage units independently and randomly.
Thus, the storage capacity of each house is different and is
selected without the use of any optimization algorithm. For
a battery lifespan of 10 years, the amortized cost of storage
unit per day for all eighty houses is considered to be around
6.7�/kWh to 9.8�/kWh, as shown in Table 2.

B. RESULTS AND DISCUSSION
In Table 3 and 4, we present the sharing mechanism for day
78 and day 198 in the year, respectively. The combined total
storage capacity of all eighty houses is 2802.89 kWh. On day
78, the combined total peak-period consumption of all eighty
houses is 276.46 kWh, which is less than their combined stor-
age capacities (XN < BN ). Eight Houses have their individual
peak period consumption more than their individual storage
capacity (Xi > Bi) with combined deficit energy (

∑
i∈N

Di) of

49.77 kWh. The remaining seventy-two houses have their
individual peak period consumption less than their individual
storage capacity (Xi < Bi) with combined excess energy

FIGURE 2. 24hr load consumption plots for each day in a year of
households 13, 38, 44 and 76.

(
∑
i∈N

Ei) of 1570.05 kWh. As the combined excess is greater

than the combined deficit (
∑
i∈N

Ei >
∑
i∈N

Di), the houses which
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FIGURE 3. Peak-period consumption of all 80 houses.

TABLE 3. Energy sharing on day 78.

are in excess of 1570.05 kWh of energy in total will first sell
to the houses which have deficit energy of 49.77 kWh in total.
The remaining energy (

∑
i∈N

Ei −
∑
i∈N

Di) of 1520.28 kWh is

sold to the grid. In both cases, the selling is price 30�/kWh.
Therefore, the houses which are selling energy to the P2P
network do not make a profit. Only the houses which are
buying energy from the P2P network make a profit as the
buying price from the grid is 54�/kWh. Thus, the combined
savings through energy sharing (

∑
i∈N

Gi) is $11.94.

On day 198, the combined total peak-period consumption
of all eighty houses is 2948.59 kWh which is more than their
combined storage capacities (XN > BN ). Thirty-nine houses
have their individual peak period consumption more than
their individual storage capacity (Xi > Bi) with combined
deficit energy (

∑
i∈N

Di) of 710.30 kWh. Forty-one houses

have their individual peak period consumption less than their

TABLE 4. Energy sharing on day 198.

individual storage capacity (Xi < Bi) with combined excess
energy (

∑
i∈N

Ei) of 564.60 kWh. As the combined deficit is

more than the combined excess (
∑
i∈N

Di >
∑
i∈N

Ei), the houses

which are in a deficit of 710.30 kWh of energy in total
will first buy from the houses which have excess storage
energy of 564.60 kWh. The remaining energy

∑
i∈N

Di −
∑
i∈N

Ei

of 145.70 kWh is bought from the grid. In both cases, the
buying price is 54�/kWh. Therefore, the houses which are
buying energy from the P2P network do not make a profit.
Only the houses which are selling energy to the P2P network
make a profit as the selling price to the grid is 30�/kWh.
Thus, the combined savings through energy sharing (

∑
i∈N

Gi)

is $135.504.
We compute the electricity cost of the household without

storage using equation (1) and with storage using (2).We then
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FIGURE 4. Cost comparison for all 80 houses.

FIGURE 5. Percentage cost savings of all 80 households.

TABLE 5. Comparison of total cost and savings of all 80 houses for one year.

compute the cost allocations given by equation (6) and
compare the cost savings with and without sharing using
equation (2). The total cost in a year of individual houses for
all three cases is shown in Fig. 4. We can observe a very large
reduction in costs when storage is utilized and a significant
reduction in costs when storage is shared.

When the houses do not have storage units installed,
NM does not change the electricity cost as there is no
source of energy to sell back to the utility. But ToU pricing
affects the electricity cost as the consumption usage is priced

differently for different time periods. The combined total
electricity consumption cost for a period of one year for all
households without storage is $424,119. When all houses
invest in storage units, this price is reduced to $291,116. The
cost further reduces to $270,733 with the sharing of storage
energy through the P2P network, providing cost savings of
$20,383, i.e., 7.00% of savings. All costs also include the
capital costs considered for the given period of one year.
We can observe in Fig. 5 that house 14 has the highest savings
of 18.96% and house 44 has the lowest savings of 0.86%
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FIGURE 6. Comparison of cost savings.

through trading energy in the P2P network. In Fig. 6, we can
see that 25 houses have savings between 5.0% to 7.5%, and
only a few houses have savings of less than 2.5%. A total
of 57 houses have savings of more than 5.0%, which is
significant savings in cost.

We compare two cases; one with only time-of-use pricing
and another with ToU pricing and net metering. For both
the cases, the total cost of all houses is tabulated in Table 5
for scenarios with storage, with sharing of storage, and the
savings along with the percentage of savings using energy
sharing. We can observe that the total cost of all houses
engaged in sharing under NM with ToU pricing is lower
compared to the case of only ToU pricing.
Remark 1: It is to be noted that the peer-to-peer network

will be connected with every house, and sharing will occur
through the network among the peers, irrespective of their
locations. Losses can be higher for houses that are far
apart and sharing energy among each other. But extra
energy needed, if any, for that reason can be obtained from
the grid. So even if we consider losses in our model as
engineering constraints, the results of the fundamental game
model will not change. The profitability of sharing might
reduce a bit which will be shared by all the members of a
cooperation. We also did not include the cost of developing
and maintaining a peer-to-peer network. That also will
reduce the profit values a bit, but it will not impact our
fundamental analysis.

VI. CONCLUSION
In this paper, we presented the sharing of electrical storage
energy among a group of residential houses in a community
under net metering and time-of-use pricing mechanism.
We used cooperative game theory to model the sharing in
a peer-to-peer network, and the game was shown to be
profitable and stable. We developed a sharing mechanism and
a cost allocation rule such that all houses would profit through
either buying from or selling to the P2P network. Thus, our
results show that sharing of storage in a cooperative way
provides cost savings for all the houses in the community.
We presented a case study using load consumption data of
one year for eighty houses and investigated how sharing
operates. The results show a significant reduction in costs for
all households through sharing electrical storage energy in the
P2P network. We have considered random storage capacity
for each house and analyzed the sharing benefit, but in our

future work, we want to investigate how the optimal capacity
of storage units for each house would affect the sharing
benefit. We will extend the results to residential houses with
combined solar PV panels and storage units. We also plan
to investigate the benefits of sharing renewable energy under
other billing mechanisms.
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