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ABSTRACT

5G communication technology supports the Internet of Things, remote health care centers, and cloud
computing by tuning their communication services over a very wide range of frequency bands with low-
cost, low-battery consumption, and low latency. However, the development of such wireless technology
is highly dependent on radio frequency spectra. The Cognitive Radio Sensor Network (CRSN) is an
excellent candidate to improve radio spectrum utilization and manage the heavy communication data
traffic in 5G wireless networks. CRSN can sense the frequency channels, making it possible for
secondary users (who are denied service) to use the free channels. Despite the outstanding features of
CRSNs, some limitations overshadow their performance. The most critical limitation is energy and its
optimal consumption to increase the network's lifetime. Recent research has shown that energy
harvesting can be an effective way to increase the lifetime of CRSNs. However, the sensors should sense
the frequency spectrum with a high success rate. In this paper, several optimal sensor nodes using energy
harvesting with the approach of increasing the network's lifetime are proposed to solve the mentioned
challenge. This way, the sensor nodes are divided into two independent groups for simultaneous
spectrum sensing and energy harvesting in each time frame. We will solve this problem based on
mathematical optimization and the use of proposed solutions for convex problems. Finally, simulations
are developed to evaluate the ability of the proposed solution, assuming the systems use
IEEE802.15.4/Zigbee and IEEE802.11af.
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1. INTRODUCTION

Advances in wireless communication systems have led to
challenges such as very high data rates and dense
congestion of users, with higher requirements on end-to-
end performance and user experience. Challenges arising
from new application areas are ultra-low latency, energy,
and cost (1). 5G uses mmWave access technology where
a spectrum above 6 GHz and networks should address
emerging needs such as wide bandwidth, lower latency,
and higher capacity (2). More capacity requires more
spectrum, which leads to the integration of Cognitive
Radio (CR) into 5G networks. CR focuses on enabling
much more efficient use of the spectrum. CR can improve
the utilization of dense spectrum in a wireless network
because some parts of the spectrum allocated to a
licensed user often need to be utilized, ultimately
enabling more dynamic and flexible spectrum access (3).

A Cognitive Radio Sensor Network (CRSN) consists
of a large number of sensor nodes with various facilities
to sense the frequency spectrum and detect the free
channels. These scattered frequency sensors can process
their sensing results and send them to a final node or data
fusion center to cooperatively decide about the busy state
of under-sensed frequency channels. The Secondary
Users (SUs) can use the free detected channels (4, 5).
Spectrum sensing, as the first and most crucial activity in
CRSNs, requires the highest possible degree of accuracy
and speed, and the limited energy of sensors must be used
optimally in spectrum sensing. Therefore, it improves
radio spectrum utilization and helps manage the heavy
communication data traffic in 5G wireless networks (6).
However, each node in a CRSN has limitations due to its
small size and lightweight. The sensors' first and most
important limitation is their limited power and battery. If
the battery runs out, the sensor will not survive in the
network, limiting the lifetime of the CRSN (7). Due to
environmental and economic issues, reducing energy
consumption and increasing energy efficiency in these
systems have become particularly important.

On the other hand, CRSNs often use batteries as a
source of energy; hence, the amount of energy consumed
and the battery life is significant in these networks. In
addition, in some applications of CRSNs, such as
spectrum sensing in military or remote areas, it is difficult
or sometimes impossible to recharge the sensors (8).
Therefore, network lifetime is a significant challenge in
the design of CRSNs, and energy efficiency is one of the
main goals of academic and industrial research centers.
One of the methods to overcome this challenge in CRSNs
is to recharge the battery of sensor nodes using energy
harvesting (EH) techniques. The purpose of energy
harvesting is to supply energy for the sensor networks.
There are different types of EH, such as solar, wind,
thermal, and mechanical (9).

In this paper, to increase the lifetime of CRSNs, we
present an electromagnetic energy harvesting method
that divides the sensors into two categories: energy
harvesters and spectrum sensors in a time frame. By this
method, the sensors that do not sense the spectrum in

each time frame harvest energy from the spectrum to
extend its lifetime by increasing the total energy of the
sensor network. The proposed method uses convex
optimization to select the network nodes according to the
measurement of the accurate spectrum sensing and the
amount of remaining energy. Choosing the duty of each
node according to these two parameters will increase the
network's lifetime along with the network's efficiency
and accurate spectrum sensing to an acceptable level.
Because in the existing methods in other similar works,
the optimization of the network is not done correctly
according to the energy and brightness. On the other
hand, relying on convex optimization, the proposed
method can be used for other cognitive radio networks
and significantly reduce the volume of calculations
compared to other algorithms.

The rest of the paper is as follows: Section 2 contains
an overview of recent related works. In section 3, we
have first introduced the proposed network model and
then energy harvesting in it, and finally, we have
formulated the proposed method for this model. The
simulation results are included in section 4, and
according to this section, we conclude in section 5.

2. RELATED WORKS

In the literature, the ability to harvest energy in the
sensors of the CRSNs has been used to optimize various
network parameters. For example, based on the Markov
chain model introduced by Ercan et al. (10) for energy-
efficient and spectrum-efficient slot-synchronized loT
cellular networks, these networks perform RF energy
harvest, transfers, and share their spectrum
opportunistically among other cellular networks.
However, this research uses energy harvesting for
cellular network efficiency. Nevertheless, the selection of
energy harvester nodes, which PU randomly selects, is
modeled in the Markov chain. With this random
selection, the maximum lifetime of the network cannot
be achieved because the network's energy is not
considered a critical parameter in the algorithm. In other
words, to share the spectrum with other networks, energy
harvesting will happen in a limited and random manner
to balance the amount of energy in the network.

Halima and Boujemé&a (11) derived a new expression
for Packet Error Probability (PEP) of several relay
techniques when unlicensed users harvest licensed user
RF signals and also presented the use of adaptive power
to avoid interference. In this method, the proposed model
adds several intermediary decision-making relays to the
network; in each time frame of information transmission,
one part of a slot is dedicated to harvesting energy and
the other to sensing the network. With the increase in the
number of nodes in the network, the number of
intermediate relays also increases, and the problem of
relay energy is also expressed as a challenging factor.
The division of each time slot to harvest energy and sense
the spectrum makes the energy harvesting and sensing of
the network be done in a limited and constant manner in
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each time frame. As a result, the probability of correct
detection of the cooperative spectrum sensing, as well as
the lifetime of the network, is optimized in a limited way.

Alsharoa et al. (12) addressed the RF multi-band
energy harvesting using a Support Vector Machine
(SVM); using this method, the secondary user senses the
spectrum to decide on harvest and communication
geographical regions of primary users. In this approach,
complexity increases with the training data set. Relying
on a multi-class SVM in this method requires a large
amount of training data to implement the method for each
network. Also, in this method, the energy harvesting in
each SU is limited to a specific region of the network, and
the need to check the area by the SU causes additional
energy consumption in the network, which can reduce the
network's lifetime by transmitting additional packets to
sense the region.

Due to dynamic channel availability, limited node
transmission range, and position-dependent energy
arrival, an EH-based multi-hop clustering routing
protocol (RFMCRP) was proposed by Wang and Ge (13).
In this method, the main focus was on the routing and
clustering of nodes so that the energy harvesting is
limited to each cluster, and in the cases where the
clustering becomes uneven, the energy consumption is
out of the optimal state, and the network lifetime is
reduced.

Due to the uncertainty of the energy harvesting
process and the behavior of the primary user (PU),
allocating and managing limited network resources is a
crucial problem. Deng et al. (14). proposed a Q-learning-
based channel selection method for energy harvesting
and the randomness of the PU’s behavior in the sensor
network. By continuously interacting and learning with
the environment, the method guides the secondary user
(SU) to select the better-quality channel. In this method,
energy harvesting is implemented by optimizing channel
selection to sense the radio network, and due to the
uncertainty of energy harvesting in this method, the
network's lifetime will not reach the maximum
achievable level.

Zheng et al. (15) proposed a hybrid active-passive
communication scheme in which the SU adaptively
makes channel selection and specific action decisions
based on its knowledge of the channel availability and the
amount of available energy. The decision to harvest
energy or sense each node in this method has not been
made for each time frame slot, and non-RF energy
sources have been used to compensate for the amount of
energy required in the problem of energy harvesting and
in environments where energy sources are limited to RF
sources, will lose its efficiency.

Salehi et al. (16) introduced a new multilevel inverter
configuration that can harvest the unused energies and
return them to another output which leads to the harvest
of the maximum input energy. The multilevel inverter

with a focus on harvesting maximum energy (HME)
comprises two terminals: one connected to an AC load
and the other linked to a DC load or rechargeable
batteries. Additionally, this inverter boasts a relativity
low number of switches when compared to alternative
configurations that do not harness unused energy.

A wideband planar monopole antenna design was put
forth (17). This design incorporates fractal geometry and
integrates a slender slot on the radiation patch, intended
for energy harvesting purposes. The optimization of the
antenna occurs at multiple stages throughout its
development.

3. PROPOSED WORK

In this section, we first introduce the desired system
model and formulate the energy harvesting for this
model, and at the end, we describe the proposed
optimization method.

3. 1. System Model The single channel 5G CRSN
consists of a Base Station (BS), N sensor nodes
distributed randomly, and a primary user (PU) with a
random position. Other assumptions considered are:

e The PU and the sensors are distributed
independently of each other and uniformly in a
square environment with a length size of L.

e The channel between the PU and the sensors is
modelled considering path loss, lognormal
shadowing, and multi-path Rayleigh fading. The
channel being sensed is well known.

e Due to the simplicity of calculations and the
efficiency of the energy detector in signal
synchronization detection, each sensor uses an
energy detector for spectrum sensing purposes.

e We assume a centralized cooperative spectrum
sensing scheme, i.e., the sensors sense the channel
and send the results to the centrally-located BS to
fuse the sensors' results and make a global decision
determining whether the channel is idle or busy.

Figure 1 shows the overview of the introduced
network model. The objective is to specify the
cooperating nodes to sense the channel and the nodes that
harvest energy in such a way that:

n,Nn, =y
vn,,n, c{1,2,..,N} 1)
n,un,=n
where n, is the set of energy harvester sensors, and n_ is

the set of channel sensing sensors. In other words, each
sensor can be selected to perform one task at any time as
shown in Figure 2, so the similarity of two sets of n, and

n, must be empty, and their sum must be the total set of
sensors n.
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3.2.Energy Harvesting CRSN may consume high
energy due to sensing the spectrum. Hence, a CRSN with
energy harvesting from a radio frequency (RF) PU signal
is proposed to compensate for energy consumption. Here
we assume each sensor node of the CRSN has both
spectrum sensing and energy harvesting abilities, which
can sense the PU channel or harvest the RF energy of the
PU signal. The energy harvester model is specified in
Figure 3.

Here spectrum sensing by a sensor n is modeled as a
test of a binary hypothesis in which H, and H,, arethe

absence and presence of the PU signal in the under-
sensed channel, respectively. As a result, the channel can
be used by SUs who are denied services when it appears.
Therefore, we will have:

i X () = H, S () +V, (K)
{ Ho ot X () =V, (K) @

where V, (k) isthe k, sample of additive white Gaussian
noise with zero mean and variance 2. S(k) Iis
the k,, sample of the PU signal, a random process with
zero mean and variance 2. It is assumed that S(k) and
V. (k) are independent. The random variable H, denotes

the channel gain between the PU and the sensor n.
However, the channel is modeled considering path-loss
attenuation, lognormal shadowing, and multi-path
Rayleigh fading, which is assumed to be well-known

" : ®
——>  Spectrum sensing a PU
— —> FEenergy harvetsing @ su

Figure 1. The desired model of CSRN
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Figure 2. The frame structure of the proposed CSRN
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Figure 3. Energy harvesting model

(18). Accordingly, X, (k) denotes the k, sample of the

received signal from the under-sense channel observed
by the sensor n .

The Energy Detector (ED) is used in the receiver of
sensors due to its low complexity (19). Hence, the
received signal energy is measured by the sensor n as:

RS, = 2.1%, () ®
k=1

in which K is the number of samples calculated by:
K=5f, 4)

where 6 and f, are sensing time and sampling

frequency, respectively. Then, the signal energy is
compared with a threshold » to generate a decision bit

D, . This bit shows the detected status of the channel by
the sensor n, as follows:

if RS,>y; D, =1

- ‘D - ©)

if RS,>y; D, =0
Therefore, the probabilities of correct detection in
spectrum sensing for each sensor n can be calculated as
follows:

Pdn:P(Hl \Hln) P(RS,>y[H,,)

6
=Q|| L —sNR, -1 _of ©
o 25NR, +1

v

in which SNR, is the received signal-to-noise-ratio from

the under-sensed channel in the sensor n due to reported
data by Bagheri et al. (20). According to a similar
process, false alarm probability is defined by:

O,n): P(Rsn 27/‘ HO,n)

:Q«ﬁ—wﬁ)

Due to fading or shadowing effects and a limited
sensing range of sensors, sensing the channel by only a
single sensor may fail to detect the PU signal correctly.
Any lost detection leads to a secondary transmission that
interferes with unidentified active PU, and more false
alarm leads to less frequency reuse opportunities for the
SUs. Then if spectrum sensing is performed only by one
sensor node, a more complicated and reliable detector
(than an energy detector) is needed which may consume
more energy. Therefore, this paper proposes centralized
cooperative spectrum sensing to increase the sensing
quality. On the other hand, the participation of all sensors
in spectrum sensing could be more optimal. Because if
all sensors participate in sensing, it leads to high energy
consumption and false alarm without increasing
significant correct detection. Thus, energy consumption

P, =P(H,,

U]
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can be saved by determining the appropriate nodes for
spectrum sensing. At the same time, the remaining
sensors can be involved in energy harvesting, which is an
excellent way to increase the network's lifetime.

In the sensing section, a group of sensor nodes
cooperatively detect the presence of PU by sensing the
channel. In contrast, the other nodes use simultaneous
energy harvesting to collect the RF energy of the PU
signal, and the frame structure of a CRSN for energy
harvesting through spectrum sensing is shown in Figure
2. The harvested energy is then stored in the rechargeable
batteries of the harvested nodes. Sensor and harvester
nodes can change their modes in each frame to achieve
energy balance. The figure shows the structure of energy
harvesting that the RF energy of wireless signals is
converted to DC energy with a rectifier circuit. The
harvested energy for each sensor is denoted by EH, and

calculated as follows:
EH, :,u(l+ SNRn)an2 (8)

where pis the efficiency of energy harvesting. The
energy consumption of the sensor nodes can be divided
into two parts. The first part of the consumption energy
is used in ED to make a decision bit about the idle or busy
state of the channel, which is denoted by ESn The second
part of the energy is used to safely send the decision bit
to BS, which is denoted by En. Therefore, the total energy
consumption of each sensor Ec, involved in cooperative
spectrum sensing is calculated as follows:

Ecn = Esn + Etn (9)

We assume that all sensors have the same structure and,
therefore, all sensors are the same but can differ for
different sensors that are calculated for each sensor as
follows:

Etn = Et—elec + eamp'drf (10)

where E,_. is the energy consumption of the electronic
circuits of the transmitter sensor, e, is the amplifier

coefficient, the gain required to satisfy the database
receiver's sensitivity, and d, is the distance between the

sensor n and the BS.

3. 3. Optimization Algorithm The objective is to

increase the lifetime of the CRSN by jointly classifying

sensors into two groups:

e Sensing the spectrum with an acceptable sensing
quality.

e Harvesting energy to save more energy and increase
the sensors' lifetime.

For the first group, we select suitable sensors for
cooperative spectrum sensing, considering the conditions
on the maximum probability of false alarm denoted by
a and the minimum probability of correct detection

denoted by . To model the object as an optimization
problem, we use an allocation index ¢, which determines
whether a sensor is selected for the cooperative spectrum
sensing or performs EH. According to the mentioned
model for energy and also assuming the initial energy Eon
for the sensor n, the residual energy of the sensor after
each period of sensing or harvesting is calculated by the
following equation:

En = EU,n +(1_¢n)EHn _¢nEcn (11)

If sensor n is selected for the cooperative channel
sensing, ¢n = 1, and if it performs EH, ¢, = 0. Also,
according to the proposed allocation index, we will have
the global probability of false alarm and the global
probability of correct detection, based on the OR fusion
rule in the BS, as follows:

P, =1-TI,., (1-@.P, ) (12)

Pf :1_nnens (l_gonpf“ ) (13)

Now, we can mathematically define the problem as
an optimization problem as follows:

max%{lifetime} (14)
Subject to:

P <a (14-1)

P, > (14-2)

¢, {03 (14-3)

Equations 14-1 and 14-2 show the cooperative
spectrum sensing efficiency constraints in this definition.
Precisely, the smaller value of & provides probably more
opportunities for the 5G SUs to use the free channel, and
the larger g leads to less probability of interfering with
the PU signal in the channel. However, there is no precise
formula for a sensor network lifetime, and different
related research has proposed different formulas based on
their subject. In this paper, we propose the network
lifetime as the time until the number of active sensors
drops below L.N where 0 < L <1 (21).

Also, we propose energy harvesting to extend the
network lifetime. We define an active sensor as a node
that its remaining energy is upper than lower bound,
denoted as E,;,. This proposed solution causes balanced

energy use in the CRSN and extends the network
lifetime. Upon the formulization, we can use the "max-
min" method for optimizing the network lifetime. By this
method, the minimum remaining energy of sensors will
be maximized. Thus, the sensors that have the lower
remaining energy are not selected for sensing, and they
perform EH. It leads to the remaining energy level of
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sensors keep balanced, consequently extending the
network lifetime. The remaining energy and the
minimum remaining energy of sensors are denoted by Ej,
and Euw, respectively. Now, the problem can be written as
follows (22):

max,, {min{E,} = E,} (15)
Subject to:
E,>¢,.E, (15-1)
Eth = Emin (15_1)
P <a (15-1)
P, > (15-2)
o, {0,1} (15-3)

We added the first constraint to emphasize that all sensors
must have a residual energy level above to be selected for
spectrum sensing. This constraint balances the energy
consumption in the network and keeps the remaining
energy of sensors at an almost balanced level. The second
constraint is added to satisfy that a sensor harvests energy
if it has less remaining energy and it is not selected to
cooperate in spectrum sensing. Also, Equation 15-3 can
be replaced with an equivalent condition. A short note on
Equations 7 and 13 reveals that the false alarm
probability for a sensor is independent of the SNR
received by that sensor. Therefore, the global probability
of a false alarm can be converted to another form, as
follows:

P, :1—1_[[1—(0".(2([!2 —1}/%}] <a (16)
Then:
Zln[l—Q((Uyz —1}/%]} <In(l-a) (17)

Finally, with the following definition, Equation 17 can be
replaced with an equivalent condition that is easy to
attend to:

In(1-a)

ool

where |J| denotes the number of sensors participating in
the sensing, and Jmax shows the maximum number of
sensors that can participate. If more sensors are selected
for cooperative spectrum sensing, the condition for the
probability of a false alarm will not be met. However, the
global probability of correct detection for cooperative

[9]<3

= Ymax T

(18)

spectrum sensing is met with fewer sensors. In that case,
it is unnecessary to choose more sensors because it causes
more energy consumption, while it has no advantage.
Now, the problem can be rewritten as follows:

max(p"{Eth} (19)
Subject to:

Eth - (pn'En <0 (19'1)

Eth = Emin (19_2)

i(% 3,,)<0 (19-3)

ﬁ—[l—n(l—goj.Pd‘ )]go (19-4)

o, {01} (19-5)

Equation 19 cannot be considered a convex optimization
problem because condition in Equation 19-4 is not
convex. Therefore, using the Lagrange method (23), the
priority of each sensor is obtained through the following:

2 pn(EO,n - Eth)+/1'Pdn

PR,
2p,.E

(20)

c,n

where p,and A are Lagranges multipliers. Finally, the
pseudocode of algorithm is shown in Table 1.

TABLE 1. Pseucode of optimization algorithm

Compute J,.

While off_sensors < (1-L)N

- Z’min + ]'max - pn,min + pn‘max

A )
2 " 2

While error > ¢
For j = 1:Jmax
forn=1:N

if E,>=E; : Compute the PR, and add

sensor to selected sensors, counter =
counter + 1

Else: PR =0
end
Sort selected sensors
R, =1
if counter < Jnax & P, <4,

sl = selected from selected sensors
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P =1=(R, x(1-P,.,))
end
end
end

Update E,

1 = max(min(imax'/l) ’ﬂ‘min)' pn = max(min(pn,max'pn)’pn,min)

end

4. SIMULATION AND RESULTS

In this section, the proposed algorithms are numerically
evaluated using MATLAB computer simulations. We
use the Monte Carlo method with 1000 iterations. It is
assumed that a region with 400 * 400 (m?), a sink node
located in the center, N sensors, and one PU are
distributed identically in this region. Here, the cognitive
sensors use the IEEE 802.15.4/Zighee (24). The
simulation parameters are presented in Table 1. The
sampling frequency of the sensor's energy in the detector
equals the Nyquist frequency.

We compare our proposed method with two
benchmark methods, detection based and random. In the
detection base method, sensors are selected based on the
probability of correct detection in the network sense, and
this method increases its efficiency in meeting the
optimization conditions. In the random method, the
selected sensors for sensing the network are randomly
selected, and the reason for the presence of this method
in this comparison is its low complexity.

One of the critical parameters in the algorithm's
efficiency is its success rate, which refers to the ratio of
successful iterations of the algorithm to the total number
of iterations. This parameter is shown in Figure 4 for a
network with a different number of sensors. The success
rate from the point of view of changing the network area
is also compared in Figure 5.

TABLE 2. Simulation parameters

f, =2.45GHz E,, =0.2mJ
Comp = 40.4 p%z E, =190nJ
E, .. =800 o’ =10"W
a=01 o’ =3dB
B=09 u=0.8

P, =20mW L=0.25
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Figure 4. Success rate for different sensor numbers in a
square area with 200 m length
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Figure 5. Success rate for different area with 200 sensors

The number of successful iterations as the network's
lifetime, as shown in Figure 6. This figure shows that the
proposed algorithm can perform better by increasing the
number of sensors due to more optimal energy
harvesting, which is superior to the detection-based
method. Because by optimally choosing sensors based on
the remaining energy and the probability of correct
detection, it meets the optimization constraints in more
iterations.

Figure 7 shows the simulation results for the
minimum remaining energy in each iteration. This figure
shows that according to the selection of sensors based on
energy consumption and correct detection, the proposed
algorithm performs more efficiently. Because in the other
two methods, the amount of remaining energy is not
checked.

The results in Figure 8 show that the number of alive
sensors is more in the proposed algorithm. This is
because energy harvesting is done according to the
amount of remaining energy and correct detection by that
sensor. In the other two methods, the energy harvester
sensor is selected regardless of its priority regarding
remaining energy.
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Figure 7. Minimum remaining energy in a CSRN with 200
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Figure 8. Number of alive sensors in a CSRN with 250
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5. CONCLUSION

Energy efficiency and lifetime are considered the main
challenges of CRSN. In this paper, we improved the

performance of these networks by relying on convex
optimization and providing an optimal method to harvest
energy in the above networks. The results show that the
proposed algorithm has a significant advantage over
other methods in increasing the network lifetime and
success rate.

This method relies on the optimal selection of sensors
through a convex optimization to sensor selection in the
network, leading the success rate to a minimum rate of
70% and increasing the network’s lifetime by at least
32%. On the other hand, this method can be used in
networks with more nodes because increasing the
number of sensors does not limit the network’s lifetime.
Additionally, the amount of remaining energy in the
network is reduced at a lower rate, which can improve the
reliability of the network, and, due to the survival of a
larger number of nodes, accurate sensing along with the
optimal lifetime of the network can be achieved.

However, the convergence of this algorithm may
decrease with the increase in the network size and the
number of sensors. Also, in multi-channel networks, the
selection of the channel used by each sensor to harvest
energy can be added as an additional optimization factor
to the proposed method. These issues considered one of
the research focuses in the future to optimize the
convergence rate of this optimization compared to the
network size.
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