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C2C: Community-Based Cooperative Energy
Consumption in Smart Grid
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Abstract—In this paper, a community-based cooperative energy
consumption (C2C) scheme in smart grid, which alleviates energy
consumption cost to customers, is proposed. The concept of
community among customers in the smart grid is discussed.
To form different communities among customers, a community-
based game among customers is orchestrated, while considering
the dynamic nature of the composition of the community. A
practical scenario involving multiple customers forming a group
and cooperating with one another is considered. The proposed
dynamic community formation scheme always achieves an equi-
librium state. Furthermore, the proposed scheme also helps to
reduce peak-to-average ratio of the energy demands from the
customers in different time periods. Simulation results show
that the proposed cooperation-based scheme outperforms the
existing schemes. It is also shown that customers can minimize
their energy consumption cost by approximately 16% using the
proposed scheme, compared to non-cooperative approaches.

Index Terms—Community, Cooperation, Game Theory, Coop-
eration, Smart Grid

NOMENCLATURE

Eireq,t Required energy of customer i at time t
Eicom,t Energy spent for communication at time t
E ireq Required energy of customer i for a day
Ctc Unit energy cost
v(S) Payoff value of a community
Uc Utility of customer
S Set of communities
ψi(S) Preference of a community
Φi(v) Shapley value

I. INTRODUCTION

Unidirectional information collection and power flow poses
different challenges to the traditional power grid to provide
electricity to the customers in a cost-effective and reliable
manner [1]. Therefore, the smart grid technology was intro-
duced with an objective to provide electricity in a cost-effective
and reliable manner with the help of bidirectional information
collection and power flows. Towards this objective, different
schemes such as dynamic pricing [2], demand scheduling [3],
and distributed generation facilities [4] are proposed in the
literature for improvement of service satisfaction and reduction
of energy cost to the customers. Different schemes are also
proposed at the micro-grid level for real-time energy manage-
ment [5]–[7]. For example, an operational architecture for real-
time energy management is proposed in islanded micro-grids
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[8], [9]. Consequently, real-time energy generation cost can
be minimized significantly. Real-time pricing policy is also an
important factor to be considered for utility maximization in
smart grid. A scheme for the formulation of real-time pricing
policy is proposed for which utility of the grid is maximized
[2]. In such a study, an energy consumption controller is intro-
duced to control the energy consumption at the customers’ end,
based on the real-time price decided by the grid. Additionally,
real-time energy management schemes at micro-grids are also
experimentally presented [10], [11]. It is observed that the
energy consumption cost can be minimized in the presence
of adequate energy management policies at both the grid and
customer ends.

A game-theoretic energy consumption scheduling scheme is
proposed for demand side management in a smart grid [12].
Using their scheme, the customers schedule their appliances
by considering real-time price tariffs decided by the service
provider. An appliance scheduling scheme for home energy
management in the presence of wireless sensor networks is
proposed by Erol-Kantarci and Mouftah [13]. However, the
customers may incur more costs in a dynamic pricing scenario,
while scheduling the appliances in different time periods.
This is because the customers schedule their appliances in a
non-cooperative manner. To address this problem, a dynamic
demand scheduling scheme is proposed [3]. In such a scheme,
the customers schedule their appliances dynamically, while
considering the associated risk in the scheduling process.
Subsequently, the authors showed that the customers can mini-
mize their energy consumption cost significantly by scheduling
the appliances dynamically, while considering the associated
risks. An autonomous appliance scheduling scheme in the
presence of non-dispatchable energy sources at the customers’
end is proposed by Adika and Wang [14]. In their scheme,
a smart decision is taken about the energy sources to be
used (i.e., dispatchable or non-dispatchable). A multi-objective
optimization approach for energy consumption scheduling is
also introduced in smart grid to minimize energy consumption
cost [15], [16].

The customers, however, schedule their appliances in differ-
ent time periods in order to minimize their energy consumption
cost. In such a scenario, it is possible that all the customers
may schedule their appliances in a single time period, which,
in turn, maximizes the total energy demand in that particular
duration. Consequently, in a dynamic pricing scenario, the
customers incur higher costs for energy consumption, though
they schedule their own appliances. Additionally, the higher
peak-to-average demand ratio causes an imbalance between
the energy supply and demand at the service provider’s end.Ac
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Recently, few schemes [17], [18] for cooperation-based energy
scheduling for customers were proposed. However, in these
schemes, cooperation is either ensured in a centralized manner,
or it is distributed at the grid-level. Therefore, in the existing
scenarios, it is assumed that the entities are always willing to
participate in the group formation. However, this assumption
may not be always true for the community-based customers
in real-life in a smart grid [19]. Additionally, the dynamic
nature of communities needs to be taken into account, as
the customers may have different interests in different time-
periods.

In this paper, cost-effective energy consumption to the
customers in the smart grid is investigated in a cooperative
manner. The main contributions of the paper are as follows.
• A community-based cooperative energy consumption

scheduling scheme, C2C, is proposed from a game-theoretic
perspective. Instead of considering a common cooperative
scenario, we propose a community-based cooperative smart
grid architecture. A practical scenario is considered, in which
the customers in a community help one another in order to
minimize their energy consumption cost.
• Cooperative game modeling [20] is used to form commu-

nities among customers, while considering the dynamic nature
of the community. It is, theoretically, shown that the proposed
game model is non-cohesive in nature. The distributed algo-
rithm consisting of strategies, whether to join a community or
leave it for community formation, is also presented.
• Extensive simulation experiments are carried to show the

effectiveness of the propose scheme over the existing ‘non-
cooperative’ schemes. It is shown that the customers can
minimize their energy consumption cost significantly, while
fulfilling their energy requirements for a day.

The rest of the manuscript is organized as follows. Section
III presents the detailed architecture of the proposed scheme. In
Section IV, the proposed community-based cooperative energy
consumption scheduling scheme is described in detail. Section
V presents simulation results to show the effectiveness of the
proposed scheme. The proposed scheme is discussed from the
practical aspects in Section VI. Finally, Section VII concludes
the manuscript with some future research directions.

II. THE CONCEPT OF COMMUNITY IN SMART GRID

In smart grid, a micro-grid (small-scale power generation
and distribution unit) provides electricity in a particular region.
Within the service area of the micro-grid, different customers
that can form different communities [21] among themselves
according to their common interests of energy consumption,
exist. Therefore, for a large-scale deployment of the smart
grid, multiple communities can be formed with multiple micro-
grids.

Customers are associated with two attributes — energy
demand and cost of energy. The former is related to the
customers’ energy requirements. On the other hand, the latter
is related to the real-time cost of energy that is to be paid
by the customers for their energy consumption. Intuitively, the
two issues of concern to customers are as follows:
• Energy Reliability: The customers in the smart grid are
concerned about the consistency of energy service from the

(a) Power network (b) Communication network

Fig. 1: Schematic diagram of a community-based smart grid

upstream grid. The customers check for the energy reliability
before forming communities, i.e., how much reliable the
community is to fulfill his/her requirements at the particular
time period.
• Energy Cost: The cost of energy includes cost of energy con-
sumption, and the communication cost to form communities
among customers. Therefore, the cost of energy can vary with
different deployment models of the smart grid. The customers
always want to minimize their energy consumption cost, while
fulfilling their energy requirements.

It is assumed that that the policy for evaluating real-time
unit-energy cost is unique for all micro-grids. The quadratic
cost function [22] is followed to decide the real-time energy
cost of energy in a dynamic pricing scenario. Figure 1 depicts
the community-based smart grid architecture considered in this
work, where the customers form different communities among
themselves. Customers communicate with the data aggregator
units (DAUs) in order to exchange real-time information (such
as energy demand and price) with the service provider. The
DAUs act as relaying devices and the real-time information
is sent to the meter data management systems (MDMS).
According to the total energy demand from the customers,
energy is supplied through the power distribution networks
from the power generation unit.

III. SYSTEM MODEL

The set of customers is represented by the set C =
{C1, C2, . . . , CN}, where N is the total number of customers.
Additionally, it is assumed that the customers have different
number of appliances1. Therefore, the set of appliances for a
particular customer, i ∈ [1, N ], is represented as ACi

. The
required energy by a customer, i ∈ [1, N ], may differ from
another customer, j ∈ [1, N ], i 6= j. In such a scenario, the
customers form different communities in order to consume
energy in a cost-effective manner. Therefore, communities are
to be formed considering allowable service delay, i.e., if the
total demand from all the communities is greater than the
total energy supply available to the grid, the energy demand
in the community with higher allowable service delay is
deferred to the next time period, while considering customers’
participation.

1Two types of appliances are considered in this work — shiftable and
non-shiftable. The shiftable appliances (such as fridge and washing machine)
can be scheduled in any time period. On the other hand, the non-shiftable
appliances (such as fan and light) cannot be scheduled in different time
periods.Ac
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A. Objective of the Customers

It is considered that there are total T time periods in a
day, which is represented as a set T = {1, 2, . . . , T}. Let
the total demand of a customer, i ∈ C, in a particular time
period, t ∈ T , be Ei,t. For the time period, t ∈ T , the
consumed energy at the customer-end is the combination of
the required energy, Ereq,t, for appliances and the energy for
communication, Ecom,t, with other customers for cooperation.
In a cooperative scenario, customers communicate among
themselves in order to take adequate decisions. Therefore,
certain amount of energy is spent for communication. In smart
grid, smart meters are used to exchange information between
the customers and the grid. Moreover, the smart meters can
communicate among themselves [1] to exchange information.
Consequently, certain amount of energy is spent by the smart
meters for taking decisions in a cooperative manner. We use the
conventional energy consumption model for communication
using the IEEE 802.11 protocol [23]. It is proportional to
the number of packets to be transmitted in addition to a pre-
determined energy consumption.

Therefore, the objective of the customers is to minimize
their energy consumption cost, while fulfilling their energy
requirements. Mathematically,

Minimize CT =

t=T∑
t=1

(
M∑
i=1

Cct

(
Eireq,t +

∑
j∈N ,i6=j

Eijcom,t

))

subject to 0 ≤
M∑
i=1

Eireq,t ≥ 0, and
T∑
t=1

Eireq,t ≤ E ireq (1)

where M is the number of customers requested for energy in
the time period t, and M ≤ N . Cct is the unit energy cost
offered by the upstream grid at time period t. In Equation
(1), former constraint denotes that the total energy demand
from the customers in a time period is always less than or
equal to the total available supply to a balance between energy
supply and demand, and is always greater than or equal to zero.
The later is used to check whether the total consumed energy
is equal to the required energy for the day. The customer
consumes energy until his/her requirement is fulfilled.

B. Use of Community-Based Cooperative Game Theory

In a smart grid, several customers consume energy from
a micro-grid (i.e., small-scale power grid consisting of dis-
patchable and non-dispatchable energy sources). Therefore, the
customers serviced by a particular micro-grid are treated as
a community. For large-scale deployment of a grid, several
customers are serviced by multiple micro-grids, and form
different communities. This situation is termed as community-
based energy consumption.

Cooperative game theory [20] is one of the useful ap-
proaches to form communities among different players. The
players join different communities for which their payoff
values are maximized. Similarly, in the smart grid, the cus-
tomers’ objective is to minimize their energy consumption cost
(which, in turn, maximizes their payoff values) by forming
different communities, as discussed in Section I. In such a
scenario, different strategies are defined for the customers to

form communities. Thus, cooperative game theory is useful
to form communities among customers, while considering the
privacy policies. As the main objective is to form different
communities to minimize energy consumption cost to the
customer, for simplicity, security aspects of the customers
are not considered in this work. Therefore, cooperative game
theory for forming communities among customers is used in
a smart grid. It is noteworthy that energy demand and cost are
used to formulate utility function in the proposed scheme.

IV. COMMUNITY-BASED ENERGY CONSUMPTION

The concept of cooperative game theory [20] is used to form
different communities among customers. The customers focus
on their payoff values to be increased by forming a community
of individuals. The community is denoted as (N , v), where N
is the set of customers, represented as, N = {1, 2, . . . , N}.
The payoff value received by the customers is denoted as v,
while forming the community (or group) among themselves.
In the subsequent section, some of the generic properties of
the cooperative game are presented from different aspects of
smart grid.

A. Properties of the Game

This typical game is defined by a pair (N , v), where N
is a finite set of all customers, i.e., N = {1, 2, . . . , N} and
v : 2N → R is a function from a set of all possible commu-
nities S ⊆ N of the customers. The considered game model
has a characteristic form, in which the utility of a community,
U, depends solely on the customers of that community and is
independent on the way the customers in N \S are arranged.
On the other hand, the game model has a partition form,
in which the utility of the community, U, depends on the
arrangement of customers in N \ S . Therefore, the payoff,
v(S), of the community, S, may or may not be distributed
among its members, depending on Transferable utility (TU)
property of the game.

Property 1. The proposed game model (N , v) is a trans-
ferable utility (TU) game. The TU property implies that the
payoff can be distributed in any manner among the customers
of the community. The amount of utility that a customer i ∈ S
receives from the distribution of v(S) is called the payoff of
the customer i, and it is denoted by Φi.

Property 2. In the proposed scheme, the community (N, v)
with N customers always maintain a graph form.

As discussed in Section III, a customer’s energy consump-
tion cost is the combination of cost of energy demand and
cost of communication. Therefore, to form communities, it is
necessary to consider the coordination chain, which defines
the relationship among the customers.

Theorem 1. The game (N , v) with TU is non-cohesive.

Proof. The payoff of the whole community is at least as large
as the summation of the individual payoffs of the partitions of
the communities. Mathematically, v(S) =

∑C
i=1 v(Si), where

Si is the ith community, and total C numbers of communitiesAc
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are formed from the set of customers N . Therefore, the cus-
tomers prefer to form communities among themselves, rather
than consuming energy individually. However, the customers
also calculate the cost involved in forming the communities
among themselves. Therefore, the formation of a grand com-
munity may not be the optimal one with an increase in the
cost of community formation. Intuitively, the proposed game
model is non-cohesive in nature.

Definition 1. A collection S = {S1, S2, ..., Sk} is a group of
mutually disjoint communities, Si ⊆ N , which may or may
not span over all the customers of N . If the collection covers
all the customers of N , i.e.

⋃k
i=1 Si = N , then the collection

is known as a partition
∏

of N .

Definition 2. A preference order among two partitions, P =
{P1, P2, ..., Pm} and Q = {Q1, Q2, ..., Qn}, P is preferred
over Q if P ≥ Q. Therefore, a customer, i, prefers collection
P at-least as much as collectionQ, while given two collections
P and Q and P �i Q. On the other hand, the customer i
strictly prefers P over Q, when P �i Q.

In the proposed scheme, each customer calculates his/her in-
dividual preference order and the community preference order,
while consuming energy in an individual or community-based
manner, respectively. Therefore, the preference order is catego-
rized in two forms — individual-value and community-value.
For example, in the individual-value preference order, Pareto
order in which a collection P is preferred over a collection Q
if at-least one customer’s payoff increases with the collection
P over the collection Q without decreasing payoff values of
other customers. On the other hand, in community-value order,
the preference of a collection is made based on the payoff
value of the communities in the collection. Mathematically,
P = {P1, P2, ..., Pm} is preferred over Q = {Q1, Q2, ..., Qn}
iff
∑m
i=1 Pi ≥

∑n
i=1Qi.

B. Utility of the Customers

One of the objectives of the customers is to consume
the required energy, while considering the corresponding
energy cost and energy requirements. Therefore, the util-
ity function with energy demand increase with an increase
in the energy demand, while energy cost and communi-
cation cost are constant to the customers. Mathematically,
∂Uc

(
Eireq,t, C

c
t , E

ij
com,t

)
/∂Eireq,t > 0. In contrast, the utility

of the customers is a decreasing function with real-time energy
cost, Cct . Mathematically, ∂Uc

(
Eireq,t, C

c
t , E

ij
com,t

)
/∂Cct <

0. This defines that the customers’ utility decreases with
an increase in the energy consumption cost, while other
parameters remain constant. Therefore, the customers al-
ways prefer to consume energy with lower energy cost.
Similarly, a decreasing function of the utility is present
with the communication cost, Dij

com,t. Mathematically,

∂Uc
(
Eireq,t, C

c
t , E

ij
com,t

)
/∂Eijcom,t < 0. After combining all

the Equations, the obtained utility function of the customer is
as follows:

Uc = k

(
Eireq,t−β

∑
j∈Nj 6=i

(
Eijcom,t

)2)( 1

Cct
− 1

Ccmax,t

)
(2)

where β is a predefined constant which signifies the effect of
distance in the utility function, and k is the proportionality
constant. Ccmax,t is the maximum unit energy cost in the
time period t offered by the grid. Therefore, from Equation
(2), it is evident that the utility of the customers increases
with decrease in the real-time unit energy cost, Cct . The
utility also decreases with an increase in the communication
cost. Therefore, the utility function presented in Equation (2)
follows all the properties mentioned above. Hence, we get the
total payoff in a community according to the utility.

As the proposed model is the transferable utility game
(as mentioned in Property 1), the Egalitarian property [24]
is considered to calculate the distribution of payoff in a
community. Mathematically, the Egalitarian property-based
utility division is presented as follows:

xi(S) =
1

|S|
v(S)−

∑
j∈S

v
(
{j}
)

+ v({i}) (3)

where xi(S) is the payoff of the player i ∈ S where S ⊆
N . The individual payoff xi(S) for a player i depends on
shared payoff v({i}), in addition to the total payoff in the
community. We use the energy demand and its flexibility rate
to calculate the shared payoff of a customer, which is similar
to the scheme proposed by Baharlouei et al. [25]. Therefore,
the fairness among the customers is also ensured, as the shared
payoff depends on the energy demand and appliance flexibility
rate.

C. Preference Order Selection

In the proposed scheme, the preference order is considered
as the function of the utility of the individual customers in a
community, as the customers always want to maximize their
own payoff (as discussed in Section I). Therefore, a customer
joins a community if and only if his/her individual utility
increases by joining that community. Similarly, the customer
may also leave a community depending on the changes in
his/her utility. Therefore, the individual-value preference order
rule is used to compare payoff values with two or more
collections over the same set of customers. Mathematically,
S1 �i S2 ⇔ ψi (S1) > ψ (S2), where ψi (Si) is the preference
function, and is represented as follows:

ψi(S) =

{
vi(S), if S /∈ h(i)
−∞, otherwise (4)

where vi(S) is the shared payoff of customer, i, from the
the total payoff of community, S, h(i) is a history set of
communities to which the customer, i, joined previously.
Therefore, a rule is defined that a customer cannot rejoin a
community in which he/she joined earlier in the same time
period.

D. Equilibrium Strategy of the Proposed Scheme

The proposed scheme consists of several iterations. In every
iteration, a customer checks his/her own utility, while consid-
ering others’ strategies. According to the utility, the customer
joins/leaves to/from a community. Finally, it is desired to have
an equilibrium strategy in which the utility of the customer isAc
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saturated. Consequently, after forming different communities
among customers, it is necessary to have a stable scenario
among them. Therefore, there exists a condition where a
customer, i, cannot improve his/her utility by joining/splitting
to/from a community. It is noteworthy that multiple equilib-
rium points can exist for which the utility of the customers is
maximized. Therefore, an equilibrium point based on selecting
argument of the maximum is selected. Mathematically, the
equilibrium condition is represented as follows:

Uc,i
(
Si, E

i
req, C

c
t , E

ij
com,t

)
≥ U∗c,i

(
S∗i , E

i
req, C

c
t , E

ij
com,t

)
(5)

where U∗c,i is the payoff value obtained by the customer, i, by
joining a new community S∗i .

On the other hand, a partition, π, is said to be individually
stable, if there does not exist a customer, i, and a community,
Sk, such that the customer prefers to join Sk, instead of being
in the present community in the current partition. Therefore,
if π = {S1, S2, . . . , Sl} is stable, the following criteria are
always applicable: ∪{φ} : ¬

(
Sk ∪ {i} �i Sπ(i) && Sk ∪

{i} �j Sk
)
,∀j ∈ Sk,∀i ∈ N ,∀Sk ∈ π.

Theorem 2. Using the proposed scheme, a stable condition,
Πf , always exists among communities.

Proof. Firstly, the maximum number of partitions is calcu-
lated, among N number of customers, using the Bell number
function [26]. Mathematically,

BN =
N∑
i=1

(
N − 1

i

)
Bi, for i ≥ 1 and B0 = 1 (6)

where BN is the number of possible partitions with N cus-
tomers. Therefore, the number of communities that can be
formed with N number of customers is also finite. Let us
consider that a customer, i, joins a community, Sk,t, at time,
t, in which he/she did not join before, while there is a partition
transformation from πt to πt+1. Therefore, a new community,
Sk,t ∪ {i}, is present. Otherwise, the old community as {i}
exists, where other customers may or may not be there.
Thus, this strategy leads to form new communities in every
transformation. However, according to Equation (6), as there
are finite number of partitions, the customer, i, has limited
options to join a new community, Sk,t+1, or to remain the
present community. Intuitively, the number of transformations
is also limited, which, in turn, establishes a stable partition,
Πf .

For simplicity, it is considered that the unit energy cost
offered by the grid in the stable state of the communities does
not change in real-time. Therefore, the uncertainty issues are
not focused in this paper. Moreover, it is also considered that
the customers cooperate with one another in a community.
Therefore, the real-time unit energy cost is not changed for a
community from the offered one.

E. Proposed Algorithm

The proposed algorithm for community-based cooperative
energy consumption scheme, C2C, is presented in Algorithm 1.
The proposed algorithm consists of two mechanisms — joining

Fig. 2: A single line diagram of the simulation

a community and splitting it. Therefore, firstly, the steps for
joining or leaving a community from a customer’s viewpoint
are presented. Secondly, the steps for the merging of two
communities, or a sub-community leaving a community are
presented. In a particular time period, communities are formed
among customers according to their mutual decisions and
appliance flexibility rates for which utilities of the customers
are maximized. Consequently, the dynamic nature of the
community takes effect until a stable condition is achieved
in which all customers in a particular community agree with a
decision (please refer to Figure 4(b)). It is noteworthy that the
stable condition is achieved after several iterations consisting
of joining or leaving a community. In the community formation
process, a customer forms a community initially when other
communities do not exist. In other words, either any other
community does not exist or existing communities do not
fulfill the community formation rules, while including the
current customer. Consequently, the customer who forms the
community acts as a leader in that community. Hence, the
customer provides information about the community to the
other customers willing to join the community. We limit the
total energy demand from the customers for a community.
Therefore, for a community, once total energy is equivalent to
the allowable energy demand, no more customers can be added
into that community, although the utility of the customers
increases by adding the new customers. Time complexity for
joining a community is O(n). On the other hand, to leave an
existing community, the time complexity is O(1). Therefore,
the total time complexity of the proposed scheme is O(n+1),
i.e., O(n).

V. PERFORMANCE EVALUATION

In this Section, the performance of the proposed scheme,
C2C, is evaluated using MATLAB. Different number of cus-
tomers are considered as 50 – 500. Therefore, both the small-
and large-scale smart grid architecture is considered. Energy
demand of a customer is considered as 10 – 20 kWh [27].
For simplicity, a total of 24 time periods in the simulation is
considered. However, the number of total time periods can be
considered according to the user’s choice. The load flexibility
rate is considered as 10 − 100%. For each customer, it is
assumed that 10 − 100% of current energy demand can be
shifted to next time periods. The exact value for simulation is
chosen in a random manner for each customer. For this reason,
cumulative average is also taken, to get unbiased results.
Additionally, the confidence interval is included to show the
confidence level. Figure 2 shows a single line diagram (SLD)
of the simulation. Nonlinear constrained optimization methodAc
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Algorithm 1: Algorithm for Community Formation
Input: Number of customers: N ; Set of communities: S;

Current community partition: π
Output: Stable communities with customers

1 For customer i;
2 Calculate utility, Ui{Sj}, for each community, Sj , j ∈ S;
3 Select a community Sk for which Ui{Sk} > Ui{Sl} (if

the customer i belongs to community Sl) or
Ui{Sk} > Ui{i} (if the customer i does not belong to
any community), Sk 6= Sl;

4 Send join request to Sk;
5 Receive acknowledgement from Sk;
6 Send leave request to Sl, and receive ACK;
7 Join the community Sk;

8 For community Sk;
9 Receive join request from a customer i or a community
Sl;

10 Calculate U{Sm}, Sm = Sk ∪ Sl or Sm = Sk ∪ {i};
11 if U{Sm} > U{Sk} then
12 Approve join request from i or Sl;
13 Send acknowledgement to join;
14 New community is formed;
15 else
16 Send reject information to i or Sl;
17 Receive leave request from i or Sl, and send ACK;
18 Update: Sk = Sk \ {i} or Sk = Sk \ {Sl};

in MATLAB is used to solve the optimization problem in each
iteration.

The performance of the proposed scheme, C2C, is compared
with the existing ‘non-cooperative’ schemes. Accordingly,
the results for “non-cooperative” (NC) and C2C (proposed)
schemes are presented. In NC, the customers schedule their
appliances according to their own appliance flexibility rates
and required energy demand without any knowledge about
others. Therefore, the customers consume energy in a non-
cooperative manner. The same values of different simulation
parameters are considered for NC in performance evaluation.
The only difference is that using the proposed scheme, C2C,
customers consume energy in a cooperative manner, while
having knowledge about others. On the other hand, in NC,
the customers consume energy in a non-cooperative manner.
It is also noteworthy that each customer consumes the same
amount of energy using both the NC and C2C schemes to
fulfill his/her energy requirement.

A. Results and Discussion

The effectiveness of the proposed scheme in terms of
performance is shown in Sections V-A1 – V-A6.

1) Real-time Energy Demand: Real-time energy demand is
the measure of the amount of energy requested to grid from the
customers in different time periods. Therefore, the real-time
energy demand is calculated in two respects – energy demand
in (a) a non-cooperative scenario, and (b) a cooperative sce-
nario. As discussed in Section I, if most of the customers send

their energy demand in a single time period, the corresponding
time period is treated as the peak period. Therefore, the real-
time energy demand in different time periods is captured
to show the effectiveness of the proposed scheme. Figure 3
shows the energy demand received by the grid from customers
in different time periods. It can be seen that the requested
energy demand from the customers is always moderate using
the proposed scheme, C2C. This is attributed to cooperation
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Fig. 3: Energy demand requested in different time-slots

among customers in different communities. Additionally, the
shiftable energy demand from the customers is also shifted to
the next time periods to minimize the peak-to-average ratio. As
there is always a limit for maximum energy consumption for a
particular community, additional demands are deferred to next
time periods, while considering the appliance flexibility rates.
In the NC-based situation, the demand requests are served
instantaneously by the grid. However, in the absence of the
cooperative nature of the customers, there is irregularity in the
total energy demand requested by all the customers, which,
in turn, creates heavy load on the grid. Intuitively, it can be
said that using the proposed scheme, C2C, the peak-to-average
ratio2 to the grid can be minimized, which, thereby, establishes
reliable energy service to the customers. It is noteworthy that in
both the approaches, the customers consume the same amount
of energy to fulfill their energy requirements.

2) Demand Variation: The demand variation is calculated
according to the mean demand variation from one time period
to the next time period. The mean value of the energy demand
for one time period from a day-ahead energy graph is taken,
and the demand variation in the form of standard deviation in
different time periods throughout a day is calculated. Figure
4(a) shows the variation of total energy demand between
different time periods from all customers present in different
communities. It is observed that the demand variation is lower
using the proposed scheme than using the existing scheme,
while the customers form communities among themselves and
act in a cooperative manner. The high demand variation may
also create peak hours in different time periods. Therefore, it
is shown that the demand variation can be minimized using the
proposed scheme, while customers act in a community-based
manner.

3) A Simple View of Community Formation: A simple view
of community formation is presented in Figure 4(b), in which
21 customers have energy demands in a particular time-slot.
Prior to the execution of the optimization process, 21 com-
munities are formed among the customers. However, with an

2Peak-to-average ratio is the measure of deviation of energy demand from
the average demand in a time period throughout a day.Ac
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Fig. 4: Results for demand variation, community formation, and convergence of communities

increase in the number of iterations, customers join an existing
community, which, in turn, minimizes the total number of
communities. Finally, after the optimization process, we see
that 8 communities are formed among the customers. It is
noteworthy that the size of the community depends on the
total energy demand from the customers and the total utility
of the community, as presented in Figure 4(c). In the proposed
scheme, the customers form different communities among
themselves, which are again dynamic in nature. In a dynamic
pricing scenario of a smart grid, the unit energy consumption
cost to customers varies depending on the demand and supply
to the upstream grid. Therefore, based on the received dynamic
price, the customers join/split into/from a community for
which the energy consumption cost is minimized. Therefore,
the number of formed communities also changes over time.
This is referred to as the ‘dynamic nature of a community’,
i.e., the size of a community changes over time. So, the
dynamic nature of a community can be considered as a result
of dynamic pricing in the proposed scheme.

4) Convergence of the Community: Figure 4(d) shows the
convergence scenario of the formed communities with different
number of customers. After multiple iterative steps, the utility
of customers converges to a maximum value. It is shown that
for less number of customers, it takes less number of steps to
converge, as all customers enter into the system quickly. On
the other hand, it takes more number of steps to converge for
large number of customers. Therefore, as mentioned in Section
IV-D, an equilibrium state exists after several iterative steps.

5) Energy Cost to Customers: Figure 5(a) shows the total
energy consumption cost to the customers. In a dynamic
pricing scenario, using the proposed approach, the customers
consume energy in a cooperative manner, so that the real-time
energy consumption cost to the customers is minimized, as
presented in Section III. It is seen that the customers incur
less amount of energy consumption cost using the proposed
scheme. On the other hand, they incur increased cost, if they do
not consume energy in a cooperative manner by forming com-
munities. In the proposed scheme, the customers defer their
energy demands to next time periods considering the appliance
flexibility rates. Therefore, in a dynamic pricing scenario, the
market clearing price is less using the proposed approach,
compared to the non-cooperative approaches. Consequently,
the energy consumption cost to the customers is minimized
using the proposed scheme over the existing non-cooperative
approaches.

The total energy consumption cost with different number
of customers is also presented. In Figure 5(b), the cumulative

energy consumption cost to the customers is plotted against the
number of customers with the proposed scheme, C2C, and the
NC scheme. From the Figure, it may be inferred that for any
number of customers, the energy consumption cost reduces
when they are grouped into communities. It is shown that the
proposed approach outperforms the NC-based schemes with
varying number of customers as well.

6) Utility of Customers: After calculating the energy con-
sumption cost to the customers, the utility to individual cus-
tomers and the total utility with different number of customers
is calculated. Figure 5(c) shows the increase in total utility to
the customers over the “non-cooperative” case. It is evident
that the utility of the customers increases approximately 16%
over the existing one. Thus, it may be inferred that with vary-
ing number of customers, the proposed scheme outperforms
the existing one in terms of the total utility, when the customers
adopt the community-based energy consumption technique.

VI. DISCUSSION: PRACTICAL PERSPECTIVE

In this Section, different applications of the proposed
scheme, C2C, are discussed briefly from the practical per-
spectives. The main objective of the customers in a smart
grid is to minimize the energy consumption cost, while fulfill-
ing the required energy requirement. Therefore, the primary
objective of the proposed scheme is to minimize the energy
consumption cost to the customers. In a practical scenario,
different customers may have different appliance flexibility
rates. Accordingly, the customers schedule their appliances
in different time periods [3], [13]. Therefore, the idea is to
schedule the appliances in a cooperative manner to minimize
peak energy demand to the upstream grid, while having mutual
decisions among customers. Hence, the proposed scheme helps
customers to form different communities with mutual decisions
to minimize the peak energy demand. As a result, the energy
consumption cost is minimized, which is reflected in the
simulation results. Consequently, in a practical scenario, C2C
is capable of minimizing the energy consumption cost to cus-
tomers, while fulfilling their energy requirements. Therefore,
it is evident that the proposed scheme, C2C, is useful in the
practical applications in a smart grid.

VII. CONCLUSION

In this paper, a community-based cooperative energy con-
sumption scheme in smart grid was proposed with an aim to
minimize the energy consumption cost to customers. Cooper-
ative game-theoretic approach was used to form communities
among customers. Simulation-based results showed that theAc
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Fig. 5: Energy consumption cost and utility to the customers

proposed approach, C2C, outperforms the existing ones in
terms of energy cost minimization. The proposed scheme is
also useful to reduce the peak-to-average ratio in the smart
grid, so that reliable energy service can be provided to the
customers.

In the proposed scheme, the customers share their own
energy consumption information to others, and take coordi-
nated decisions to minimize energy consumption cost. As a
result, the chances of high energy price at a specific time
period occurring are very less, compared to the same with
non-cooperative one. However, the customers’ privacy and
security policies are a few issues of concern in case of the
cooperative one. A belief factor may be introduced to form
communities among customers. In that case, the customers
will form communities among themselves depending on the
belief factor, while considering the other factors such as energy
demand, utility, and appliance flexibility rate.
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