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1 |  INTRODUCTION

The traditional power grid is fully upgraded in its power 
generation, transmission, and distribution by incorporating 
adaptive control, embedded sensing, wireless communication 
networking, pervasive computing, and advanced two-way 
communication and networking between the power plants 
and the end users to improve its efficiency, reliability, sta-
bility, security, and sustainability [1,2]. This evidently leads 
to the power system of the next generation, called the smart 
grid (SG). A smart meter acts as the gateway that collects the 
energy consumption usages of the appliances at intervals and 
communicates them to the utility company for monitoring. 
This enables the utility company to use these data to update 

its electricity generation and determine a price that benefits 
itself and the consumers. The energy consumption schedul-
ing of the appliances is managed by demand response man-
agement (DRM). The real-time pricing model used by the 
utility company encourages efficient and economic power 
utilization and distribution. However, balancing energy de-
mand and load is also required to minimize the energy con-
sumption cost and peak hour generation.

With the transformation of the traditional electric grid to 
the SG, the number of smart meters has increased substan-
tially. This requires more frequency bands to accommodate 
such explosive growth of the data set from the smart meter, 
and this is one of the major research challenges in the SG. 
The cognitive radio (CR) technology in the SG provides an 
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extensive solution to this problem. It enables efficient uti-
lization of the limited spectrum, thus meeting the demands 
for more data rate and quality of service. In CR, the con-
flict between spectrum scarcity issues and underutilization of 
the spectrum band is solved by allowing the secondary users 
(SUs) to use the licensed band opportunistically as long as 
they do not cause any interference to the primary user (PU) 
[3–5]. This feature of CR makes it capable of solving this 
spectrum scarcity issues in multidisciplinary application do-
mains such as machine to machine communication [6], ve-
hicular networking [7], and satellite communication [8]. With 
the integration of CR technology in the home area network 
(HAN) of a SG, the smart meter has the capability to per-
form spectrum sensing and channel switching on either the 
original unlicensed or licensed band for data transmission to 
the utility company. However, the extra power consumption 
of the smart meter during this data transmission burdens the 
consumers with a high electricity price.

In the literature, different techniques have been pro-
posed to minimize the power consumption and price of the 
consumers in a SG. In [9], Chou and others demonstrated 
an experiment by installing a SG metering infrastructure 
in a typical three-story building. The SG big data analytic 
framework could efficiently collect and analyze the real-time 
power consumption data. Furthermore, a novel hybrid na-
ture–inspired metaheuristic forecast system was designed to 
predict the future energy consumption and scheduling op-
eration of the appliances. In [10], the energy consumption 
of a residential grid network was managed by minimizing 
the electricity cost and the operational delay of flexible de-
mands. An upgrade-by-probability was used to minimize 
this delay in which a delay-tolerant demand was treated as 
delay-sensitive demand and participated in a queue with a 
probability. Furthermore, a distributed algorithm was used to 
optimize the problem and a neural network was employed to 
estimate the pricing for an unknown system information. In 
[11], a multi-objective evolutionary algorithm was employed 
to minimize the energy cost and waiting time of the home 
appliances. Furthermore, an energy management algorithm 
was proposed for the residential home to maintain load bal-
ancing. A threshold was assigned for managing the opera-
tion of appliances to maintain the energy usage. In [12], the 
interaction between the utility company and consumers was 
formulated as a two-step centralized game. The objective of 
the game was to minimize the peak-to-average ratio (PAR) by 
optimizing the process of the energy consumption schedule. 
In this game theoretic approach, consumers maximized their 
own utility function using the interior-point method, and the 
adjustment of energy price of the utility company was based 
on consumers and their scheduling status. In [13], the inter-
action between a single utility company and its many cus-
tomers was formulated as a 1-leader, N-follower Stackelberg 
game. An iterative algorithm was proposed to derive the 

real-time price, optimal power generation from the power 
provider, and optimal demands of the customers. In [14], 
He and others proposed a methodology based on a recurrent 
neural network to obtain the optimal real-time price in a SG. 
Furthermore, the convergence of the proposed approach was 
proved by using the theory of differential inclusions and a 
Lyapunov-like method. In [15], the interactions between 
consumers were formulated as a non-cooperative game. The 
consumers managed their energy consumption making a 
trade-off between electricity cost and load curtailment cost. 
The proposed approach was analyzed based on consumers 
with heating ventilation air conditioning systems. In [16], a 
community-based cooperative energy consumption schedul-
ing scheme was proposed in which a group of customers in a 
community cooperatively minimized their PAR of the energy 
demand at different time periods. In [17], A multi-objective 
energy consumption scheduling approach under certain con-
straints was proposed to solve the problem of the two con-
flicting objectives of consumers that aim to maximize their 
utilities while minimizing energy consumption. In the algo-
rithm, the iterative process was based on a genetic algorithm, 
the matrix crossover and polynomial mutation were based on 
Tchebycheff decomposition, and the constraint was handled 
by the matrix encoding mechanism.

CR technology has been nominated as a suitable candi-
date in SG communication networks to facilitate efficient 
and reliable data transmission over the underutilized spec-
trum by adaptively changing the operational parameters 
according to the dynamic surrounding environment. This 
has led to numerous research challenges in this application 
domain of CR technology. In the literature, different tech-
niques have been proposed to solve some of the major chal-
lenges. In [18], the authors proposed a channel selection 
mechanism based on the transmitted data (either delay sen-
sitive or non-delay sensitive) between the smart meter and 
the control center. Reliable power allocation with a relay 
association algorithm for a heterogeneous neighborhood 
area network was discussed in [19]. The objective was to 
maintain the transmission reliability above a certain thresh-
old while limiting the power consumption considering all 
possible interferences with the smart meters. In [20], a cog-
nitive mobile network with small cells was considered in a 
smart grid environment. The electricity price decision, the 
problems of retailers, the energy efficient power allocation 
to the small cell base stations, and the interference in the cog-
nitive network were formulated as a three-stage Stackelberg 
game. In [21], the authors discussed a SG network inte-
grated with TV white space (TVWS) cognitive radio. A 
HAN gateway enabled with cognitive capability switched 
between an industrial, scientific, and medical band and a 
TVWS channel depending on their availability. The authors 
extended the work considering both static and mobile HAN 
in [22]. Cooperative spectrum sensing in a SG environment 
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was discussed in [23]. In this paper, some of the consumers 
were equipped with renewable power generation facilities. 
The communication outage probability was considered in 
the calculation of electricity price. Furthermore, a novel al-
gorithm was proposed to find the optimal cooperative con-
sumer for improving the DRM performance. The impact of 
communication outage on the performance of DRM was 
also considered in [24]. In this paper, the optimal sensing 
time that maximized the net revenue under the constraint of 
probability of detection was found.

From the literature, we observe that electricity price 
minimization is the major concern from the consumer's per-
spective, which depends on two important parameters such 
as consumer's demand and power generation from the util-
ity company. Furthermore, in a CR-enabled SG network, the 
smart meter consumes some extra power to transmit its data 
set to the control unit of the power supplier. This maximizes 
the overall power demands from the consumers’ side, and 
thus, enforces the power provider to supply more power. In 
consequence, the power supplier needs to raise the electric-
ity price to profit itself. To solve this problem, this work ad-
dresses a cost-effective DRM scheme consisting of one utility 
company and multiple consumers. The consumers adjust their 
demands and transmission power to maximize their profit at 
the declared price from the power provider. Similarly, the 
power provider updates its electricity price and generation to 
ensure its profit and to suit all the consumers having different 
demands and transmission power. The main contributions of 
this study are:

• A time-varying real-time price-based DRM is proposed 
to manage the electricity trading process between the 
utility company and the consumers, so that it guarantees 
profit maximization to both the utility company and the 
consumers.

• The assignment of transmission power and power demands 
to the consumers is formulated as a multi-armed bandit 
(MAB) game under the constraints of probability of detec-
tion, interference to the primary receiver (PR), and min-
imum achievable throughput. Then, the electricity prices 
at different time slots are derived using the Hungarian 
method.

• Finally, the performance of our proposed work is presented 
and analyzed based on different network parameters.

The rest of this paper is organized as follows. The 
impact of communication outage on the DRM perfor-
mance is derived in Section 2. Section 3 describes the 
optimization problem of both the power provider and 
consumers. Our proposed solution approach is dis-
cussed in Section  4. In Section  5, the performance of 
our proposed scheme is evaluated, and finally the paper 
is concluded in Section 6.

2 |  SYSTEM MODEL

2.1 | Demand response management

The system model illustrates the bidirectional flow of in-
formation between the power provider and M consumers as 
shown in Figure 1. Each consumer is equipped with smart 
meter, which acts as a gateway between the power provider 
and consumers for distributing the electricity supply to all 
the appliances and reports the energy requests to the power 
provider.

Furthermore, the smart meter is connected to the CR node, 
which performs spectrum sensing on the licensed band before 
the data transmission. We divide the observation day duration 
T into L time slots, 

∑L

l=1
t
l
=T, that is, tl =

{

t1, t2, t3, … , tL
}

.
Let stl

 be the time dependent power supply of the provider. 
Then, the cost function C(stl

) indicates the expenses of power 
supply for the tl slot, which is strictly increasing and convex 
[24], that is,

where atl
, btl

, and ctl
 are constants. Let pr,tl

 be the electricity 
price declared by the power provider at slot tl. Then, the profit 
obtained by the power provider with power supply stl

 during 
that time duration is given by pr,tl

stl
−C(stl

). Hence, the goal of 
the provider is to maximize its own profit UT ,tl

, that is,

where dm,tl
 is the power demand of the mth consumer at slot tl. 

The constraint in (2) ensures that the power procured by all the 
consumers M at each time slot tl must not exceed the maximum 
generation capacity of the power supply system. In general, 
dm,tl

 depends on the consumer type and is generated within the 
range [dmin

m,tl
, dmax

m,tl
]. dmin

m,tl
 and dmax

m,tl
 are the minimum and max-

imum demand of the mth consumer at slot tl. For the power 
demand dm,tl

, Gm,tl

(

dm,tl
, wm,

)

 represents the mth consumer's 

(1)C
(

stl

)

=
atl

2
s2

tl
+btl

stl
+ctl

,

(2)max
stl

pr,tl
stl
−C

(

stl

)

s.t. stl
≥

M
∑

m=1

dm,tl

F I G U R E  1  System model illustrating distribution of users
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level of satisfaction function, which is a nondecreasing and 
concave function. Hence, the profit of the mth consumer is 
RWm,tl

=Gm,tl

(

dm,tl
, wm

)

−pr,tl
dm,tl

. Therefore, the goal of the 
consumer is to maximize its profit, that is,

where

where wm is a parameter that characterizes the behavior of the 
mth consumer. The consumer always intends to consume more 
power, up to its saturation level. Furthermore, their satisfaction 
level gradually becomes saturated. �m is a constant. A higher 
value of �m requires lower energy consumption of the mth con-
sumer to reach the saturation.

2.2 | Cognitive radio–enabled smart grid

The overwhelming demands for more spectrum to transmit 
bulk smart meter data require the integration of the CR 
technology into the SG network. The cognitive capabil-
ity and reconfigurability features of CR help in selecting 
the best unutilized spectrum band from the temporally and 
spatially varying radio environment, which probably im-
proves the communication quality and reliability in the SG.

In a HAN, the smart meter with cognitive features en-
ables channel switching between the unlicensed and li-
censed bands for information exchange between the smart 
meter and the utility company. The smart meter performs 
spectrum sensing before opting for the suitable channel for 
data transmission. Let PH1 and PH0 be the probability of 
PU’s presence and absence on the licensed band, respec-
tively. Channel switching from the unlicensed to the li-
censed band is possible in two cases: when the channel is 
correctly detected to be idle, which occurs with probability 
PH0

(

1−Pf,m

)

 and when the PU is in operation but the chan-
nel is identified as vacant, which occurs with probability 
PH1Pmd,m. Here, Pf,m and Pmd,m represent the false alarm and 
miss detection probability for the mth smart meter, respec-
tively. Thus, probability of channel switching of the mth 
smart meter is given as follows:

Let OU and OL represent the outage of the unlicensed and 
licensed bands, respectively. The smart meter performs no 

switching operation from the unlicensed to the licensed band 
when the PU is in operation and no false alarm occurs. It oc-
curs with probability 

(

1−Csw,tl
(m)

)

OU. Channel switch-
ing to the licensed band occurs with probability Csw,tl

(m)OL.  
Hence, the total channel outage probability is defined as follows:

In this study, it is assumed that OL <OU so as to give 
priority to the licensed band considering its good quality 
of transmission and reliability. If Og,tl

(m)<OU, the mth 
smart meter needs to perform spectrum sensing and chan-
nel switching.

According to the central limit theorem, the local test sta-
tistics is a Gaussian distribution for a large value of samples. 
Assuming that PU’s signal is a binary phase shift keying sig-
nal and noise is real, Pd,m and Pf,m are represented as [25]

and

where �2
�m

 is the noise variance of the mth smart meter and �m 
is the received signal-to-noise ratio (SNR) at the mth smart 
meter. N denotes the number of samples and is the product 
of sensing time ts and sampling frequency fs. � represents the 
decision threshold. Pmd,m measures the interference to the 
incumbent PU, which must be kept to a minimum. Hence, 
Pmd,m ≤Pmd or Pd,m ≥Pd or Pd,m ≥Pd where Pmd and Pd 
are the upper and lower bounds of miss detection probability 
and probability of detection, respectively. Hence, threshold λ 
for Pd is calculated as follows:

Substituting (8) in (7), Pf,m is modified in terms of Pd as 
follows:

(3)max
dm,tl

Gm,tl

(

dm,tl
, wm

)

−pr,tl
dm,tl

G
m,t

l

�

d
m,t

l
, w

m

�

=

⎧

⎪

⎨

⎪

⎩

w
m

d
m,t

l
−

�
m

2
d

2
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l

0≤d
m,t

l
≤

w
m

�
m

w
2

m

2
d

m,t
l
≥

w
m

�
m

(4)Csw,tl
(m)=PH0

(

1−Pf,m

)

+PH1Pmd,m.

(5)
Og,tl

(m)=
(

1−Csw,tl
(m)

)

OU+Csw,tl
(m)OL

=
(

OL−OU

)

Csw,tl
(m)+OU
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⎛

⎜

⎜

⎜
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⎜
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⎟

⎠
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Substituting (9) and Pmd
 in (4),Csw,tl

(m) is evaluated and 
accordingly the total channel outage probability is evaluated 
for the mth smart meter at slot tl.

3 |  PROBLEM FORMULATION

In a CR integrated SG, the smart meter transmits its data on 
the licensed band under the interference power constraint, 
so that its transmission power does not cause any interfer-
ence to the PR. Furthermore, throughput increases with the 
transmission power of the smart meter. Hence, transmis-
sion power of the mth consumer at slot tl, that is, Ptm,tl

 must 
be in the range [Pmin

tm,tl
, Pmax

tm,tl
]. Pmin

tm,tl
 is decided such that the 

throughput of the mth consumer at slot tl is Tm,tl
≥Tth, where 

Tth is the minimum achievable throughput. Similarly, Pmax
tm,tl

 
is the maximum transmission power from the smart meter 
at slot tl, which depends on the PR distance from the mth 
consumer and interference threshold Ith. Ith is the maximum 
interference power that the PR can tolerate. Hence, the 
power assigned to the mth consumer at slot tl, Ptm,tl

, must 
comply with these two constraints, (10a) and (10b).

and

where N
p
 is the noise power. h

sd
 and h

pr
 are the channel 

coefficients between the consumer and the supplier and 
between the consumer and the PR, respectively. The com-
munication channel coefficients between the users are dis-
tance-dependent Rayleigh distributed and are derived as 
h∼ℵ (1, (1∕d𝛼)), where d is the distance between the users 
and � is the path-loss exponent. Furthermore, the com-
munication outage Og,tl

(m) has greater impact in deriving 
RWm,tl

 of the mth consumer. Hence, RWm,tl
 and stl

 are modi-
fied as follows:

and

where Ps is the sensing power. The impact of Og,tl
(m) on the 

supplier is clearly observed from (12). It is shown that the 

power demand of each consumer dm,tl
 estimated at the control 

unit of the supplier is 
(

1−Og,tl
(m)

)

dm,tl
. If we compare (2) 

and (12), it is observed that power generation also reduces due 
to this communication outage, and hence, it is unable to meet 
the total power demand of the consumers. Owing to this rea-
son, the supplier needs to consider the communication outage 
while deciding its exact power supply. In this two-stage 1-to-M 
player MAB game, the goal of the mth player is to maximize its 
own profit/reward function (11) under the constraints of (10a) 
and (10b). All M players play individually and update their 
demands and transmission powers with the price pr declared 
by the power provider. Furthermore, (11) shows the existence 
of Nash equilibrium (NE) in this non-cooperative game theory, 
which draws to an optimal solution given as follows:

Lemma 1 For a constant Ptm,tl
, a NE exists in the game 

G=
[

M, dm,tl
, RWm,tl

]

∀dm,tl
 if

• RWm,tl
 is continuous and concave in dm,tl

.
• dm,tl

 is non-empty, convex, and bounded.

Proposition  A NE exists in this two-stage game.
Proof  The strategy dm,tl

 is defined as dm,tl
: dmin

m,tl
≤dm,tl

≤dmax
m,tl

. 

For a constant Ptm,tl
, the first derivative of (11) yields

If the Hessian matrix H
(

RWm,tl

)

 is negative, then RWm,tl
 is 

strictly concave in dm,tl
. The second derivative of (11) with 

respect to dm,tl
 for a constant P

tm,t
l
 is obtained as follows:

where t denotes any slot in the duration T. Hence, the diagonal 
elements of H

(

RWm,tl

)

 are negative and the other elements are 
zero. It is proved that RWm,tl

 is strictly concave in dm,tl
 showing 

the existence of a unique NE for obtaining the best response 
strategy at each step.

4 |  SOLUTION APPROACH

4.1 | MAB-based two-stage game

In any learning algorithm, exploitation and exploration are 
equally important [26]. Exploitation finds the strategy that 
gives the best reward. Exploration allows the player to play 
with all the strategies to find their reward statistics. MAB is an 

(10a)Pmin
tm,tl

≥

(

2Tth −1
)

Np

|

|

hsd
|

|

2

(10b)Pmax
tm,tl

≤
Ith

|hpr|
2

(11)
RWm,tl

=Gm,tl

(

dm,tl
, wm

)

−pr,tl

(

Og,tl
(m) .dm,tl

+Csw,tl
(m) .Ptm,tl

+Ps

)

(12)stl
≥

M
∑

m=1

(

1−Og,tl
(m)

)

dm,tl

(13)
dRWm,tl

dm,tl

|

|

|Ptm,tl
=constant

=wm−�mdm,tl
−pr,tl

Og,tl
(m) .

(14)
d

2
R

Wm,t
l

d
2

m,t
l

|

|

|Ptm,tl
=constant

=

{

−�
m

, t
l
= t

0 t
l
≠ t

,
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extensive solution to model the trade-off between exploration 
and exploitation with the aim to obtain the best response. The 
action of the player is to select one arm among many arms at 
each step. The MAB is a strategic decision-making game in 
which each player selects the strategy/arm randomly in a se-
quence from the defined strategies of trials with a goal to max-
imize its own reward. However, the method makes a trade-off 
between exploration (try each arm to find the best reward) and 
exploitation (play the arm and forecast the best result by ana-
lyzing the present and history data). With the subsequent steps, 
the players achieve the best reward giving strategy.

As the consumers/players have their own rights of 
choosing their strategies, exchange of information between 
the players is not required in this method. Rather, the player 
analyzes the historical response of the strategies before 
achieving any decision. The MAB has been applied to the 
CR domain for resource allocation in [27–29]. The afore-
mentioned MAB-based approaches effectively selected the 
best response with poor a priori information. In this study, 
we proposed a two-stage MAB game in which the strategy 
is the joint achievement of demands and the corresponding 
transmission power assigned to each player. Thus, the m

th player declares two feasible strategies Px
tm,tl

 and dd
m,tl

 of 
length X and D, respectively for slot tl as follows:

and

In this work, the reward of each player is the utility 
function defined in (11). It is very clearly observed that the 
mth player has to select suitable strategies from (15) and 
(16) with an appropriate combination to achieve the best 
response. Hence, the players use this learning approach be-
tween these two feasible strategies, which is thus called the 
two-stage MAB game. The UCB1 algorithm is often used 
to solve the MAB problem that selects the strategy to play 
based on the past strategies that were played [30]. It is based 
on the rewards associated with each arm and selects the arm 
with the highest/best reward. In the subsequent steps, the re-
ward mean gradually increases until the best arm is selected. 
According to the UCB1 algorithm, the trade-off between 
exploitation and exploration is obtained as follows:.

where �̂�s is the sample mean of reward of arm S up to the cur-
rent state, ms is the number of times strategy s is played up to the 
current time slot, Y is the number of times strategy s is played 

by the mth player, and a is the constant that controls exploita-
tion and exploration, where a small value of a indicates small 
exploitation and large exploration, and vice versa. Therefore, at 
each step, the reward of each strategy is updated, and finally, the 
strategy with the highest mean reward is selected.

4.2 | Algorithm description

In this study, the real-time pricing method is considered observ-
ing the demands in different time slots of a day. The pseudocode 
for obtaining optimal price, generation from the power provider, 
consumer's demand, and transmission power is presented in 
Algorithm 1. We consider that the total duration of a day T = 
24 h is divided into four distinct slots t1 = 6 AM to 9 AM, t2 
= 9 AM to 5 PM, t3 = 5 PM to 10 PM, and t4 = 10 PM to 6 
AM. Furthermore, we consider three types of consumers M = 3. 
Consumer 1 and consumer 3 belong to residential areas, but con-
sumer 3 is a working person staying outside home during slot t2.  
Consumer 2 is assumed to be an office. Hence, their demands 
vary in different time slots depending on the appliances used 
during that period. For each slot, the power provider declares 
its generation depending on consumers’ target demands as per 
s

t
l
=

∑M

m=1
d

m,t
l
. The smart meter needs to report the power sup-

plier regarding the usages of the appliances on the licensed band; 
hence, it has to select the transmission power Ptm,tl

 satisfying the 
constraints (10a) and (10b). Therefore, the transmission power 
levels of the consumers are different for t1, t2, t3, and t4.

In Algorithm 1, the demand of the consumer dm,tl
 and 

transmission power from the smart meter Ptm,tl
 are consid-

ered as two strategies. Then, dm,tl
 of size D and Ptm,tl

 of size 
X are randomly generated. In this two-stage MAB game, 
first, the demand of each mth consumer acts as a player that 
tries the second strategy, that is, its assigned transmission 
power, to maximize the reward (11). Each player randomly 
picks the strategy, that is, not played, and calculates its 
reward function. When all the players have played all the 
strategies, P

tm,t
l
 is calculated using the UCB1 algorithm. 

The corresponding player that selects P
tm,t

l
 is selected as 

dm,tl
 of the mth consumer. Furthermore, (13) and (14) show 

the existence of NE for obtaining the best response from 
(11). With this, dm,tl

 and its corresponding reward R′
Wm,tl

 
are obtained from Step 5. The power supplier declares 
new generation considering all the consumers’ demands 
obtained from Step 6 and communication outage Og,tl

(m).  
Then, pr,tl

 is updated for slot tl by comparing the current 
and last generation. As per our proposed Algorithm 1, the 
power supplier generates pr,tl

 of size A, which ranges from 
pmin

r,tl
 to pmax

r,tl
. The minimum and maximum price pmin

r,tl
 and 

pmax
r,tl

, respectively, are decided taking ±50 % of the pr,tl
.  

Then, the rewards of all the consumers are calculated for 
each price keeping their Ptm,tl

 and dm,tl
 unchanged. The 

matrix R′
W,tl

 is solved by using the Hungarian method for 

(15)P
x

tm,t
l

=

{

P
1

tm,t
l

, P
tm,t

l

2
,… , P

X

tm,t
l

}

(16)dd
m,tl

=
{

d1
m,tl

, d2
m,tl

,… , dD
m,tl

}

.

(17)Rs = arg max
s∈S

(

�̂�s+

√

a ln Y

ms

)
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obtaining the best price p1
r,tl

, p2
r,tl

, and p3
r,tl

 for consumer 1, 
consumer 2, and consumer 3, respectively. From these 
three prices, the power provider selects the price that max-
imizes its profit (2).

Thus, the real-time prices at different time slots are updated 
based on the target demands, transmission powers of the con-
sumers, and outage on the licensed band. Furthermore, the 
outage depends on the distance of the consumer from the pri-
mary transmitter and the wireless channel media. Similarly, the 
transmission power from the smart meter is decided based on 
the distance of the mth consumer from the PR and the power 
provider. Therefore, the price at each time slot tl is decided care-
fully considering all these factors from the consumer's aspect so 
that it benefits both the consumers and power supplier.

5 |  NUMERICAL RESULTS

We consider a network consisting of three consumers and 
a primary transmitter which are distributed in a rectangular 
area 1 km in width. The PR is present within a circular radius 
of 50 m around the primary transmitter. The power provider 
is present approximately 2  km away from the consumers. 
Initially, we set the electricity price pr = 1 (cent/kWh). Then, 
it is updated as per the consumer's demands and supplier's 
generations. Different values of at are considered for different 
time slots. We set at = 0.02 for t1, t2, and t3, at = 0.01 for t4, bt 
= 0.2, and ct = 0. For consumer 1, consumer 2, and consumer 
3, wm is taken as 5, 6, and 5, respectively. We set a = 0.5 
and �m= 0.1 for all the consumers. The target demands of 
consumer 1, consumer 2, and consumer 3 for different time 
slots are listed in Table 1. The minimum and maximum value 
of the consumer's demand is decided by taking ±50% of the 
target demand. The rest of the common parameters that are 
used to obtain the results are summarized in Table 2.

Figure 2 illustrates the variation of price over the time slots 
that are obtained by applying the UCB1 algorithm, NE, and 
Algorithm 1. In the UCB1 algorithm, dm,tl

 and Ptm,tl
 are ob-

tained from Algorithm 1 without using Step 5 and Step 6. In 
NE, dm,tl

 is obtained by following only Step 5 and Step 6 for the 
mth consumer. We consider three different types of consumers 
located at different distances from the primary transmitter, PR, 
and power supplier. We assume that the received SNRs are 
different. These are set as −15 dB, −25 dB, and −30 dB for 
consumer 1, consumer 2, and consumer 3, respectively. The 
same SNR conditions are also considered in all the figures ex-
cept Figures 4 and 7. It is observed from Figure 2 that even 
though the power supplier declares a constant price pr= 1 for 
each slot, it varies as per the demands from the consumers at 
different time slots. Furthermore, the updated price obtained 
from Algorithm 1 is less than that from UCB1 and NE algo-
rithms, which is more beneficial to the consumers.

Figure  3 shows the variation of consumers’ demands 
over different time slots. It is observed that the consum-
ers’ demands calculated from Algorithm 1 are approxi-
mately equal to the target demands. Figure  4 illustrates 
the impact of sensing time over communication outage 
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on the licensed band, power generation, and consumers’ 
power demands for time slot 2. The upper figure shows 
the decrease in communication outage with respect to 
sensing time. This is because the Q-function is a decreas-
ing function; hence, P̃f,m decreases with the increase in 
ts for a constant Pd as observed from (9). It means that 
the spectrum sensing accuracy increases with sensing 
time. Substituting the value of (9) in (4), it is found that 
Csw,tl

(m) increases with an increase in ts. When the spec-
trum sensing is more accurate, then it is more likely that 

data transmission occurs on the licensed band. Hence, 
with an increase in sensing time and decrease in false 
alarm, total outage Og,tl

(m) decreases. It can be concluded 
that a longer sensing time ensures accurate spectrum sens-
ing, thereby reducing the outage on the licensed band. We 
set the received SNRs as −15 dB, −30 dB, and −35 dB 
for consumer 1, consumer 2, and consumer 3, respec-
tively. The bottom figure of Figure  4 shows the impact 

Time  
slots Duration

Consumer 1 
demand  
(kWh)

Consumer 2 
demand  
(kWh)

Consumer 3 
demand  
(kWh)

t1 6 AM–9 AM 5 10 15

t2 9 AM–5 PM 15 50 2

t3 5 PM–10 PM 7 20 9

t4 10 PM–6 AM 3 8 3

T A B L E  1  Consumer's demands at 
different time slots

T A B L E  2  System parameters

Simulation parameters Values

fs 6 MHz

ts 3 ms

� 3

Pd
0.9

Np −90 dBm

T
th

10 bits/s/Hz

Ps −20 dBm

I
th

−50 dBm

P
H0 0.5

P
H1 0.5

OU 0.3

OL 0.2

F I G U R E  2  Variation of price over different time slots

FIGURE 3  Variation of consumers’ power demands over time slots

F I G U R E  4  Impact of sensing time t
s
 on outage, power supply, 

and consumers’ demand for time slot 2
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of outage on the two-way communication in the SG. In 
general, the consumers situated in different locations 
suffer from different outages while sending their smart 
meter data. Therefore, the power demand of the mth con-
sumer estimated at the control unit of the power supplier 
is 

(

1−Og,tl
(m)

)

dm,tl. Hence, the power supply estimated 
at the supplier is s

t
l
=
∑M

m=1

�

1−O
g,t

l
(m)

�

d
m,t

l
 instead of 

s
t
l
=

∑M

m=1
d

m,t
l
. Furthermore, according to (11), the satis-

faction gain function of the consumer Gm,tl

(

dm,tl
, wm

)

 is 
designed as ideal without considering the communication 
outage, but the expenses consider the communication out-
age. This figure shows the power generation and consum-
ers’ demand after applying Algorithm 1. dm,tl

 and Ptm,tl
 of 

the consumers are obtained by applying the MAB two-
stage game from Step 1 to Step 6 of Algorithm 1. Then, 
the power generation is estimated in Step 7 considering 
the communication outage. Therefore, the total generation 

is not the sum of the three consumers’ demands. It is 
rather less than the total demands. To solve this problem, 
the power supplier must know the information on channel 
state of all the consumers before deciding stl

, which is one 
of the major research challenges in a CR-enabled SG net-
work. It is also observed that power generation slightly in-
creases with sensing time as per (12). However, the power 
demands from the consumers remain unchanged with the 
change in sensing time.

Figure  5 demonstrates the impact of Ith on the differ-
ent outcomes of consumer 2, such as its data transmission 
power, reward (11), and power demand for time slot 1. It is 
obvious that Pmax

tm,tl
 increases with the increase in Ith, and thus, 

Ptm,tl
 increases. Therefore, profit to consumer 2 decreases 

as per (11), but Ith has almost no impact on the power de-
mand of consumer 2. The target demand of consumer 2 is 

F I G U R E  5  Effect of I
th

 on transmission power, profit, and 
power demand of consumer 2 for time slot 1

F I G U R E  6  Effect of T
th

 on power demand of consumer 1

F I G U R E  7  Variation of power supply, price, and profit of 
consumer 1 over SNR

F I G U R E  8  Variation of average power supply and price over 
target detection probability P

d
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10 kWh; therefore, the actual power demand varies around 
this value.

Figure 6 illustrates the variation of power demand of con-
sumer 1 over different values of Tth. It is observed that the 
power demand remains almost unchanged for different Tth val-
ues. From (10a), it is observed that Pmin

tm,tl
 increases with an in-

crease in Tth. However, the selection of dm,tl
 from Algorithm 1 

is not affected significantly with the increase in Tth.
Figure  7 illustrates the variation of power generation, 

price, and profit of consumer 1 for different values of the 
received SNR. It is assumed that all the consumers re-
ceive the same SNR. As the received SNR by each con-
sumer increases, the communication outage decreases on 
the licensed band. Therefore, power generation from the 
utility company increases as per (12). As the communica-
tion outage decreases, the probability of switching to the 
licensed band increases. In general, the profit of consumer 
1 decreases, but it does not change noticeably over SNR. 
Furthermore, it is observed that the impact of a on the dif-
ferent outcomes is negligible.

Figure  8 demonstrates the impact of target detection 
probability Pd on the average power generation and price. 
It is observed that power generation decreases with the in-
crease in Pd. This is because as Pd increases, P̃f,m increases. 
Hence, Csw,tl

(m) decreases as per (4). Thus, a higher prob-
ability of detection indicates a higher probability of PU’s 
presence on the licensed band, which reduces the chances 
of channel switching from the unlicensed to the licensed 
band. This leads to an increase in communication outage, 
and hence, as per (12), power generation decreases with an 
increase in Pd. It is more likely that the smart meter trans-
mits its data on the unlicensed band when the PU is present 
on the licensed band. Price also decreases with the increase 
in Pd, but the rate of decrease does not change significantly.

6 |  CONCLUSIONS

This study discusses a solution to the problem of resource al-
location to consumers in a CR-enabled SG network consid-
ering the profits of both the consumers and power provider. 
The problem of joint optimization of transmission power 
and consumer demand is formulated as an MAB-based two-
stage game under the constraint of interference power to 
the legitimate user on the licensed band. Furthermore, the 
transmission outage is considered while obtaining the re-
wards of the consumers. Then, the optimal real-time price 
for all the consumers is declared by using the Hungarian 
method, which maximizes the profit of both the consumers 
and power provider. The performance of our proposed ap-
proach is analyzed through numerical results, and the effect 
of different system parameters is also studied. Furthermore, 
it is verified that the power supplier must consider the 

communication outage before deciding the actual demands 
from the consumers, which requires the knowledge of in-
formation on channel state of all the consumers. This is a 
major challenge in a CR-enabled SG network, which would 
be our focus in future research.
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