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The selection of the best spectrum band available to meet the quality of service
requirements of secondary users without interfering with the transmission of the primary
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users is considered as a challenge in cognitive radio networks. On the other side, green
network is a recent concept that refers to the processes used to optimize a network in order
to make it more energy efficient. In this paper, we propose a new algorithm ensuring the
selection of the best available spectrum satisfying the demands of the secondary users based
on TOPSIS and AHP in OFDM-based cognitive radio networks. We will assess the need
for the secondary users in terms of quality of service and energy efficiency, by analyzing
the characteristics of the available channels and taking into account the interference
generated with the presence of the primary user. It efficiently manages energy because it
allows a significant reduction of the transmission power used by the secondary user and
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therefore presents an effective solution in green networking.

1. INTRODUCTION

A novel concept of green network (GN) has started its
functions due to the need of better energy efficiency (EE) of
cognitive radio systems. This is a new design that involves
devices used to improve a network to make it more energy
efficient, which will result a reduction in the amount of CO
emitted by telecommunications infrastructures participating in
the greenhouse effect.

The spectrum in cognitive radio (CR) is divided between
primary users (PU) and secondary users (SU) that will
optimize its use [1]. It can be said that the CR enables
intelligent communication by adapting its transmission
parameters according to the variations of the environment in
which it operates. this provides good quality of service (QoS)
and better energy efficiency.

OFDM (Orthogonal Frequency Division Multiplexing) is
defined as an inviting modulation and transmission technique
for CR because of its flexibility in spectrum shaping, its good
spectrum management and its ability to better analyze the
spectral activities [2]. OFDM is widely used in the literature.
However, these studies have been limited to optimizing the
transmission rate of SUs, limiting the interference introduced
in PUs to predefined thresholds [2, 3].

Recently, research has increased on optimizing EE. Wang
et al. [4] have improved the EE of the CR system by relying
on OFDM exposed to the interference requirements of PUs
and the distinct data rates of SUs. an algorithm was formulated
by the authors to improve the EE of OFDM-based CR
communication systems with sub-channel inconsistencies [5].
This optimization led them to certify a minimum required
throughput and a specific power budget for the SU. Thangaraj
and Aruna [6] have worked on energy-efficient resource
allocation for an OFDM-based heterogeneous cognitive radio
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network (HCRN) in an imperfect spectrum sensing scenario
with excellent QoS.

On the other hand, other research has focused on the
optimization of QoS with multi-objective. Saoucha and
Benmammar [7] have exploited firefly, bat, and cuckoo search
algorithms to optimize the communication quality of the SU.
Benmammar et al. [8] suggested applying to cognitive radio a
parallel dynamic programming algorithm for multi-objective
Pareto optimum maximization. The approach is used to choose
the most compromising solution of the Pareto front. which
makes the cognitive engine able to achieve perfect feedback
results, compared to using metaheuristics and maximizing Qos.
The reliability as well as the efficiency of artificial intelligence
(Al) techniques is known to optimize the performance of a
cognitive radio network (CRN) [9-11].

To allow a wireless multiple access channel Ostovar [12]
propose a function to establish the presence of the main user
and optimize the energy efficiency of cognitive radio systems
for the calculation of the mathematical structure. The average
throughput to average power consumption ratio was
established to evaluate the network performance under
detection constraints. the authors' objective is to minimize
energy consumption and maintain detection accuracy by
maximizing detection time by managing the constraints of
transmission power and throughput.

Wang et al. [13] have treated the problem of average EE
maximization for difficult decisions using hybrid spectrum
sharing, in contrast a problem could arise, that of the average
formulation of the maximum EE generated by the iterative
optimization of the detection time and the number of
cooperative SUs. This optimization is based on the following
elements: the average transmission power of SUs, the peak
transmission power, the data rate constraints and the average
interference power constraint of PUs.


https://crossmark.crossref.org/dialog/?doi=10.18280/ria.360404&domain=pdf

To manage energy efficiency, Mili et al. [14] have
suggested decreasing the power of the secondary transmitter
for location and spectrum sharing in fading moments.
However, the additional channel state information (CSI)
affecting the secondary antenna has also been studied in the
context of spectrum sharing through closed form expressions
for the relevant transmission power. It should be noted that
there was a discussion about imperfect cross CSI containing a
licensed band split between these primary and secondary links.
Therefore, the distribution of power over the perfect and
imperfect measure was minimized.

Khaled et al. [15] have addressed energy and security in a
CR-based communication approach. Furthermore, user and
network related factors are reconsidered such as the user's
battery level and the type of user data as well as the number of
unused bands and the level of vulnerability. Given the time
complexity of the optimal solution, the authors have also
provided a heuristic solution

In this context, we have already proposed an Al-based
solution more precisely on reinforcement learning, which
consists in using the Q-learning algorithm which will help
cognitive users to find the optimal channel which has low
power emission to reduce the energy consumption of these
infrastructures and thus satisfy GN [16]. However, this work
two limits; on the one hand the complexity of learning
algorithms can affect energy consumption. On the other hand,
learning poses a scalability problem with a fairly high number
of channels.

Our contribution in this paper is to help the SU to select the
most appropriate channel for opportunistic use according to
the type of application data used during transmission while
saving the consumed energy and avoiding interference with
PU based on the information received from the spectrum
sensing function. To achieve our goal, we proposed an
algorithm based on TOPSIS (technique for order preference
by similarity to ideal solution) due to its simplicity with
moderate complexity/execution time. To optimize TOPSIS
and determine the weighting criteria for each objective,
analytic hierarchy process (AHP) method was used to assign
the weight of each criterion.

The rest of this paper is organized as follows. In part 2, the
OFDM-based cognitive radio environment is presented. Part 3
gives a description on our proposed algorithm whose objective
is the QoS-aware energy efficiency optimization in OFDM-
cognitive radio networks. In part 4, we present the results of
the simulation. Finally, section 5 discusses final remarks and
suggestions for future work.

2. SYSTEM MODEL
2.1 System description

In this paper, we are based on the same system used in [7],
which consider that the PU and the SU share adjacent
frequency bands as illustrated in Figure 1, where the PU
occupies the central frequency band, while the free frequency
bands detected by the SU are divided into N subcarriers whose
two halves are on either side of the band used by the PU. We
consider that the SU regularly scans the PUs spectrum for
vacant bands for its transmission. The modulation scheme
used by cognitive radios is OFDM.

Each subcarrier is characterized by its bit rate, transmission
power, interference level and error rate. The choice of these
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parameters depends either on the capacity of the channel, or
on the quality of service and energy efficiency. A channel can
be selected for the transmission according to the type of
application used by the SU during the transmission; we used 4
types of applications: voice, videoconference, email,
transaction. Each application presents a need for either a high
or minimal rate of the cited characteristics of the subcarriers,
which will be evaluated using the TOPSIS method to ensure
the selection of the best subcarrier available for the SU.
Figure 1 illustrates a coexistence model that will lead to the
generation of mutual interference between the PU and the SU.

va 5

Sc’l'c)ll(l:LI‘}' user’s Pl‘illl;ll"\' user’s S(‘('n]lll:ll‘.\' user’s

band band band

Figure 1. Example of spectrum sharing between PU's and
SU's in a multi-carrier communication system [7]

2.2 Interference generated by the SU

The system used with OFDM allows us to calculate the
interference generated by the SU at the ith subcarrier as
follows:

di+p/2

1(dy P) = f |92 0. df (1)

di—p/2

where, d; represents the spectral distance between the center
frequency of the PU band and the ith subcarrier. g is the PU
bandwidth. P; is the transmit power of the SU, g is the gain of
the ith subcarrier channel from the base station to the PU. df is
the bandwidth of each secondary user subcarrier. @;(f) is the
power density spectrum of the ith SU subcarrier, which is
defined below:

sin nfTs>2 2)
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where, Ts is the symbol duration. f represents the subcarrier
frequency.

2.3 Error rate
There are different types of functions to measure the error
rate (P, ) on the channels, these functions are specific for each

type of modulation used: Phase Shift Keying (PSK) or
Quadrature Amplitude Modulation (QAM) [17]:
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The three functions shown use the function Q(x), which
represents the Gauss error function, the estimation of this
function represents [18]:

_x2

- ez 6
Q@) = 1,64x+/0,76x%+4 ( )
where, P, is the average error rate for each subcarrier. P; is
the signal strength on the subcarrier i. M is the modulation
index. N is the attenuation index.

2.4 Application data types used during transmission

Inspired by the work presented in [19] which introduces the
concept of association of application specific requirements
employed with the network dynamics of the frequency
spectrum is driven to follow a QoS methodology. This was
made possible by a new paradigm, Data Centric Prioritization
(DCP), the enhancement of the unique union between the type
of application data being transmitted and a “true best fit”
cognitive radio frequency decision in a cognitive radio
community cluster. We chose 4 types of applications to use in
our study when a SU wishes to transmit: video conference,
voices, transaction and email. The transmission of each type
of application data depends on one or more evaluation criteria
of a channel (bit rate, interference, transmission power, error
rate).

2.5 Radio frequency environment

Transmission through the channel requires three parameters:

power, modulation type and attenuation.

Power: The values of the transmission power have been
chosen in compliance with the rules of the FCC (Federal
Communications Commission) is given the obligation to
always respect a certain limit, even for the PU. The range of
emission power taken differs between 0.1 mW and 2.4808 mW
with a step of 0.025 mW giving 94 power values. The
maximum power value of 2.4808 mW was chosen as a
contribution to the maximum permissible power value for the
U-NII (Unlicenced-National Information Infrastructure) band:
5.15 GHz - 5.25 GHz, set to 2.5 mW [20].

Modulation: Among the parameters that a CR must be
capable of reconfiguring dynamically is modulation as the
bandwidth necessary to carry a signal depends on the type of
the used modulation. In our simulation, we used one types of
modulation: QAM modulation, with a modulation index
(number of bits per symbol) that varies between 0 and 10
(24,1 € [0,10)).

Attenuation: To simulate a dynamic multi-channel
environment, a random attenuation value between [0.1] dB
was assigned for each channel.

3. OUR PROPOSED ALGORITHM FOR QOS-AWARE
ENERGY EFFICIENCY OPTIMIZATION

TOPSIS was developed by Yoon and Hwang [21], defined
as a multi-criteria analysis method for decision support. The
multi-criteria decision-making method (MCDM) is the multi-
objective optimization technique used to measure alternatives;
the primary idea of this method is to elect an action having:

* The smallest distance to the called “ideal” action
(positive-ideal solution).
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The greatest distance to the called "anti-ideal" action.

Recent research has proven the effectiveness of the TOPSIS
method in many various fields of communication. Loganathan
et al. [22] proposed a novel multi-criteria channel decision
model is developed by using the Enhanced TOPSIS (E-
TOPSIS) which achieves certain desirable characteristics that
allow channel decision makers to construct complex decision-
making problems. It takes into account several factors of each
channel and node, hence the allocation and sharing of channels
effectively. In order to access an integrated weighting network
in a heterogeneous multi-cognitive wireless network
coexistence area, a selection algorithm based on AHP-TOPSIS
has been outlined [23].

The different steps of TOPSIS can be expressed as follows
[24]:

Step 1: Calculate the normalized decision matrix.

— Xij
Mij = \/Z}leizj (7)

Step 2: Calculate the weighted normalized decision matrix.

vij=wi*nl-j,j=1.....m,i=1.....n (8)
where, w; is the weight of the ith attribute or criterion, and
=1 =1
Step 3: Determine the positive ideal and negative ideal
solution.
A* = (i, ....vf} = {(max; = v;li € D),(min; * )
vili €D),}
A” ={v,..v } = {(maxj *vli € I),(minj *
. (10)
vili € D).}
Step 4: Calculate the separation measure from the ideal
solution.

df = (S iy — v} jleem (11

4 = [ @i — vD)hjl e m (12)

Step 5: Calculate the relative closeness to the ideal solution.

Ry =d; /(df +d;),j=1, (13)
Since dj” = 0 and d]-+ > 0, then clearly R; € [0,1].
TOPSIS remains dependent on an adequate approach to

delineate the weighting of criterion for each type of application
data used. However, this concept retains its reliability and
certainty in the treatment and evaluation of several attributes
and the quantity of alternatives. To assign the weights to the
criteria we used the AHP method.

Based on a mathematical concept, AHP is an organized,
reliable technique that supports our decisions and deconstructs
a complex problem into a multi-level hierarchical constitution
of objectives, criteria, sub-criteria and alternatives [25]. AHP
can be used to make many complex and unstructured choices
containing many attributes [26].

In this section we detail our QoS and EE optimization
algorithms based on AHP-TOPSIS method for OFDM-based
cognitive radio system.



Algorithm 1: OFFLINE AHP-Calculating weight of
criteria

. Function Calculate weight()

. Get the user application data type.

. Determine Alternatives.

. Pairwise Comparison (criteria and alternatives).

. Weight Calculation for each application data type.
. return Weighting Vectors W;[wl, w2, w3, w4].

. End function

~N N AW~

Algorithm 2: Sensing and parameters initialisation

1. Function Sensing_init()

2 Get the parameters sensed by the CR:

3. Power max, Interference max, N, modulation type,
Mod max,

4. Get the user running application data type.

5. Choose the adequate Weighting Vector W; [wl, w2, w3,

w4].

6. Create a matrix Q to fill the available subcarriers with the

characteristics of each subcarrier initially, such as all

subcarriers are free.

7. for (i=0; i<N; i++) do

8. Calculate interference, which is the interference introduced

by the ith subcarrier into the PU’s band, respect as in (1)

9. Calculate error rate, respect as in (5).

10. Calculate Power cur, Bit rate cur.

11.  Insert((i, Bit rate cur, Interf cur,
Erro_rate cur,Occup),Q)

12. End for

13. End function

Power_cur,

Algorithm 3: Pseudo code of AHP-TOPSIS algorithm
adaptation for CR-OFDM system

1. W=Calculate_weight()
2 Sensing_init()
3. Create a vector V to store solutions returned by TOPSIS
4. V=TOPSIS (Q, W).
5. SBest = MAX (V) Get the maximum V value
6.  While ((subcarrier(SBest) is  occupied)
(subcarrier->power>Power_max)
or (subcarrier->power>Power_max)) do
7. SBest = MAX (V) Get the next less maximum V value
8. end while
9. Occup=Occup+1
10. Transmit through this subcarrier (SBest)
11. Occup=Occup-1

or

Our proposal to improve QoS and EE consists first of all of
a function (Calculate _weight ()) illustrated by Algorithm 1 and
executed offline to optimize the execution time. This function
detects the types of data application used and using the AHP
method, for each data type and according to its need it makes
a comparison between the criteria and calculates the weight of
each criterion while trying in all cases to save the transmission

power. Therefore, we have for each type of application a
vector with the associated weights of each criterion according
to its importance.

The second function (Sensing init ()) presented by
Algorithm 2, loads the parameters necessary for the SU to
transmit, i.e., the maximum power and the interferences
authorized that a SU can transmit (Power max,
Interference_max), the subcarriers number (N), the
modulation types and its maximum value. Thereafter, it
chooses the vector of the weights used by TOPSIS after having
detected the type of the used application; more over it creates
a matrix containing the list of subcarriers with all the necessary
parameters calculated: the bit rate (Bit rate cur), the
interference, the error rate present on the subcarriers
(Interf cur, Error rate cur) and also the transmit power
(Power_cur).

In Algorithm 3 and in line 4, we call the TOPSIS algorithm
by passing it as parameters the matrix Q and the vector of the
weights, so the algorithm will choose an alternative, among
the set of alternatives present in the matrix Q, which has firstly,
the shortest distance to the ideal alternative (the best
alternative on all criteria), and, which has the greatest distance
to the ideal negative alternative (the one which degrades all the
criteria) according to the vector of the weights introduced, so
that at the end we obtain a vector (V) with values obtained
from the evaluation of each subcarrier.

To choose the best solution, the SU will just take the
maximum value of the vector V (Algorithm 3 , line 5).

Note that we must test before transmitting if the subcarrier
is free and if the transmission power does not exceed the
maximum threshold and also if the interference generated on
the subcarrier does not also exceed the maximum threshold. In
the event that one of the conditions previously presented is not
respected, we must choose another solution and this time we
will choose a value lower than that chosen before. In the case
where all the conditions are respected, the SU can transmit on
this subcarrier by putting its state in occupied.

4. SIMULATIONS AND RESULTS

In our simulations, we assume that primary and secondary
users coexist according to the model illustrated in Figure 1.
The SU has a bandwidth distributed over 16 subcarriers with
8 subcarriers on each side of the PU bandwidth. We assume
also that a Rayleigh fading channel with an average of 1, in
other words we consider that all the paths are independent and
of comparable attenuations. In addition, the OFDM symbol
duration is Ts = 100 s and the maximum transmission power
of the secondary user is 2.5 mW, as well as the maximum
interference tolerated by the PU is 0.01 [7]. Our approach is
programmed with JAVA Environment and JADE multi-agent
system [27].

The four types of application data used by the CR user are
characterized by the variation of the weights calculated by the
AHP algorithm which are presented in Table 1.

Table 1. Weighting application data types

Application data types  Bit rate Interference Transmission power Error rate
Voice 0.12 0.38 0.3 0.2
Videoconference 0.6 0.2 0.08 0.12
Transaction 0.14 0.22 0.08 0.56
Email 0.08 0.27 0.53 0.12
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4.1 TOPSIS execution time

Figure 2 represents the execution time of the algorithm
using TOPSIS according to the number of subcarriers, we
notice that between 16 and 128 subcarriers, the time is almost
the same and does not exceed 5 ms, but certainly by increasing
the number to 256 and 512 or even 1024 subcarriers the time
will increase. So, the increase in the number of sub-careers
increases the execution time but it remains reasonable in an
environment like CR (real-time). We remind here that the
AHP algorithm is executed offline and does not affect this
execution time.

100
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512 1024

Figure 2. TOPSIS execution time according to the number of
subcarriers

To validate our approach, we will make a comparison
between a transmission mode in a basic CR environment and
another transmission mode in a CR environment with the use
of the AHP-TOPSIS algorithm for the choice of a subcarrier
for the transmission.

The results below are presented with an average of ten
simulations.

4.2 Impact on the transmission power and energy
efficiency

m Voice mVideoconference

® Transaction E-mail

Transmission power (mW)

0.5

CR Env CR Env_AHP-TOPSIS
Figure 3. Average of the transmission power values used in
CR Environment and CR Environment with AHP-TOPSIS

Figure 3 shows the average transmission power values used
in a basic CR environment and in a CR environment using our
proposed algorithm. The use of TOPSIS combined with AHP
allows defining the optimal configuration for the transmission
of each type of data application. Figure 3 shows that the
transmission power has been reduced in all types of
application given compared to the classic use of CR. Although
sometimes it is almost equal values; the case where we use
"Transaction" which is due to the fact that we assign a low
weight to the minimization of power since it is an application
which does not support the errors which implies a strong
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power of emission. Our approach based on TOPSIS and AHP
shows its effectiveness in order to reduce the transmission
power and therefore efficient energy management; an
interesting result in green networking.

4.3 Impact on interference and error rate

In Figures 4 and 5, we present the impact of the use of
TOPSIS on generated interferences and error rate respectively.
With basic CR sensing, the SU makes spectrum handoff to
channels that satisfy its transmission but not necessarily
minimizing interference and / or error rate. In the case of using
CR with AHP-TOPSIS, the SU executes the TOPSIS
algorithm during the detection. This step allows us to have a
classification of the available channels according to the
application used and the degree of importance of each
evaluation criterion to decide which channel to choose for the
transmission. Figures 4 and 5 clearly show that the
interference values generated and error rate when using
TOPSIS are much lower than that generated in the basic CR.
Therefore, the use of TOPSIS has really proven to be effective
in optimal channel selection term and therefore an optimized
QoS management.
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Figure 4. Impact of AHP-TOPSIS on generated interferences
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Figure 5. Impact of AHP-TOPSIS on error rate
4.4 Reduction rate of the different criteria

In the following, we calculate the reduction rate of the
transmission power, interference and error rate to show the
gain obtained using the AHP-TOPSIS algorithm in each type
of data application as follows: (CR (J) - CR_AHP-TOPSIS(J))
/ CR(J).

Figure 6 shows the results obtained. Our proposed
algorithm reduced the transmission power by 68% when using
VOICE application, by 11% when using
VIDEOCONFERENCE and by 90% when using EMAIL
application. As the most important weight is allocated to the
minimization of the transmission power, the EMAIL



application is the one that gives the most satisfaction. On the
other hand, our algorithm could not reduce the transmission
power for the TRANSACTION application because
minimizing the error rate is more important than minimizing
the transmission power.

For the reduction rate concerning interference and error rate,
it is really significant. For example, when using a VOICE
application, the interference reduction rate is 80% and when
using a TRANSACTION application, the error rate is reduced
by 95%.

We can therefore conclude that our proposed algorithm has
significantly reduced the different criteria studied regardless
of the application used by the SU and therefore our proposal
has allowed the SU to choose an optimal channel for its
transmission.
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m Transmission
power

Interference
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Figure 6. Reduction rate

5. CONCLUSIONS

In this paper, we have proposed a new spectrum selection
algorithm based on AHP-TOPSIS in OFDM-based cognitive
radio networks. The essential objective is to select the best
available subcarrier by evaluating its characteristics according
to the needs of secondary users according to the type of its
used application. The algorithm exposed in this work allows
to include several criteria with the TOPSIS method to migrate
towards a flexible and inclusive use of data for the spectrum
selection decision. In the present work, we have been able to
obtain a significant gain in terms of transmission power, which
will lead to a reduction in the energy consumed and better
energy efficiency. The results of our simulations clearly show
that the reduction rate of interference and error rate is
considerable and therefore the optimization of QoS is ensured
in this type of environment due to the use of our proposed
algorithm. So, we can say that the approach proposed in this
paper is very significant in the context of green networking
where managing energy consumption is seen as the big
challenge in order to reduce the amount of CO emitted by
telecommunications infrastructures participating in the
greenhouse effect. As perspectives of our current work, we
target a comparison of the performances obtained from AHP-
TOPSIS with those of metaheuristics such as: Gray Wolf
Optimizer (GWO), Flower Pollination Algorithm (FPA) and
Shuffled Frog Leaping Algorithm (SFLA). Indeed, our
optimization problem has an exponential complexity with the
increase of the number of subcarriers. It is classified as an NP-
hard problem and therefore the use of approximate methods or
metaheuristics is essential to solve it.

540

REFERENCES

(1]

(2]

(3]

[4]

(5]

(6]

[7]

(8]

[0l

[10]

[11]

[12]

Cabric, D. (2008). Addressing feasibility of cognitive
radios. IEEE Signal Processing Magazine, 25(6): 85-93.
http://dx.doi.org/10.1109/MSP.2008.929367

Wang, X., Li, H., Lin, H. (2011). A new adaptive OFDM
system with precoded cyclic prefix for dynamic
cognitive radio communications. IEEE Journal on
Selected Areas in Communications, 29(2): 431-442.
http://dx.doi.org/10.1109/JSAC.2011.110215
Almalfouh, S.M., Stiber, G.L. (2011). Interference-
aware radio resource allocation in OFDMA-based
cognitive radio networks. IEEE Transactions on
Vehicular Technology, 60(4): 1699-1713.
http://dx.doi.org/10.1109/TVT.2011.2126613

Wang, S., Ge, M., Zhao, W. (2013). Energy-efficient
resource allocation for OFDM-based cognitive radio
networks. IEEE Transactions on Communications, 61(8):
3181-3191.
http://dx.doi.org/10.1109/TCOMM.2013.061913.12087
8

Bedeer, E., Amin, O., Dobre, O.A., Ahmed, M.H.,
Baddour, K.E. (2014). Energy-efficient power loading
for OFDM-based cognitive radio systems with channel
uncertainties. IEEE  Transactions on Vehicular
Technology, 64(6): 2672-2677.
http://dx.doi.org/10.1109/TVT.2014.2342226
Thangaraj, C.A., Aruna, T. (2019). Energy-efficient
power allocation with guaranteed QoS under imperfect
sensing for OFDM-based heterogeneous cognitive radio
networks. Wireless Personal Communications, 109(3):
1845-1862. http://dx.doi.org/10.1007/s11277-019-
06655-w

Saoucha, N.A., Benmammar, B. (2019). Bio-inspired
approaches for OFDM-based cognitive radio.
International Journal of Internet Protocol Technology,
12(2): 61-75.
http://dx.doi.org/10.1504/1J1PT.2019.099680
Benmammar, B., Benmouna, Y., Krief, F. (2019). A
Pareto optimal multi-objective optimisation for parallel
dynamic programming algorithm applied in cognitive
radio ad hoc networks. International Journal of Computer
Applications in  Technology, 59(2): 152-164.
http://dx.doi.org/10.1504/IJCAT.2019.098036
Chatterjee, S.R., Chakraborty, M., Saha, D. (2018). A
novel channel state prediction technique for overlay
cognitive radio-based emergency sensor networks.
International Journal of Knowledge Engineering and
Data Mining, 5(1-2): 90-113.
http://dx.doi.org/10.1504/1IJKEDM.2018.092814
Amraoui, A. (2018). Multi channel selection using
distributed mutual exclusion and multi-criteria decision
in cognitive radio networks. International Journal of
Knowledge Engineering and Data Mining, 5(1-2): 114-
124. http://dx.doi.org/10.1504/1JKEDM.2018.092817
Benmammar, B. (2020). Recent Advances on artificial
intelligence in cognitive radio networks. International
Journal of Wireless Networks and Broadband
Technologies (NWNBT), 9(1): 27-42.
http://dx.doi.org/10.4018/1IJWNBT.2020010102
Ostovar, A., Zikria, Y.B., Kim, H.S., Ali, R. (2020).
Optimization of resource allocation model with energy-
efficient cooperative sensing in green cognitive radio



[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

networks. IEEE  Access, 8: 141594-141610.
http://dx.doi.org/10.1109/ACCESS.2020.3013034
Wang, C., Song, T., Wu, J., Yu, Y., Hu, J. (2018).
Energy-efficient cooperative spectrum sensing with
reporting errors in hybrid spectrum sharing CRNs. IEEE
Access, 6: 48391-48402.
http://dx.doi.org/10.1109/ACCESS.2018.2867911

Mili, M.R., Musavian, L., Hamdi, K.A., Marvasti, F.
(2016). How to increase energy efficiency in cognitive
radio networks. IEEE Transactions on Communications,
64(5): 1829-1843.
http://dx.doi.org/10.1109/TCOMM.2016.2535371
Khaled, H., Ahmad, 1., Habibi, D., Phung, Q.V. (2020).
A secure and energy-aware approach for cognitive radio
communications. |IEEE Open Journal of the
Communications Society, 1: 900-915.
http://dx.doi.org/10.1109/0JCOMS.2020.3009241
Bendella, M.S., Benmammar, B., Krief, F. (2019). Using
cognitive radio to deliver green communications: A
reinforcement learning approach. International Journal of
Knowledge Engineering and Data Mining, 6(4): 331-355.
http://dx.doi.org/10.1504/IJKEDM.2019.105241
Newman, T.R., Barker, B.A., Wyglinski, A.M., Agah, A.,
Evans, J.B., Minden, G.J. (2007). Cognitive engine
implementation for wireless multicarrier transceivers.
Wireless Communications and Mobile Computing, 7(9):
1129-1142. http://dx.doi.org/10.1002/wcm.486
Kingsbury, N. (2020). Approximation formulae for the
gaussian error integral, Q(X).
http://cnx.org/content/m11067/latest/.

Wiggins, U., Kannan, R., Chakravarthy, V., Vasilakos,
A.V. (2008). Data-centric prioritization in a cognitive
radio network: A quality-of-service based design and
integration. In 2008 3rd IEEE Symposium on New
Frontiers in Dynamic Spectrum Access Networks, pp. 1-
11. http://dx.doi.org/10.1109/DY SPAN.2008.62

Ali Saoucha, N. (2013). Paramérage des algorithmes
génétiques pour l’optimisation de la QoS dans les
réseaux radios cognitifs. Ph.D. dissertation. Universitéde

541

[21]

[22]

[23]

[24]

[25]

[26]

[27]

M'Sila-Mohamed Boudiaf.

Hwang, C.L., Yoon, K. (1981). Methods for multiple
attribute decision making. In: Multiple Attribute
Decision Making. Lecture Notes in Economics and
Mathematical Systems, Springer, Berlin, Heidelberg,
186: 58-191. https://doi.org/10.1007/978-3-642-48318-
93

Loganathan, J., Latchoumi, T.P., Janakiraman, S.,
parthiban, L. (2016). A novel multi-criteria channel
decision in co-operative cognitive radio network using E-
TOPSIS. In Proceedings of the International Conference
on Informatics  and  Analytics, pp. 1-6.
http://dx.doi.org/10.1145/2980258.2982107

Tang, T., Deng, Y., Wu, W., Feng, W. (2015). Access
network selection algorithm in heterogeneous multi-
cognitive wireless networks coexistence environment. In
International Conference on Logistics Engineering,
Management and Computer Science (LEMCS 2015),
Atlantis Press. http://dx.doi.org/10.2991/lemcs-
15.2015.252

Moghassem, A.R. (2010). Application of TOPSIS
approach on parameters selection problem for rotor
spinning machine. Fibers and Polymers, 11(4): 669-675.
http://dx.doi.org/10.1007/s12221-010-0669-7

Saaty, T.L. (1996). Decision making with dependence
and feedback: The analytic network process (Vol. 4922).
RWS Publ.
https://www.semanticscholar.org/paper/Decision-
making-with-dependence-and-feedback-%3A-the
Saaty/cla7711b6a7e82eef55ae578ffe66d7f80c679c3.
Partovi, F.Y. (1994). Determining what to benchmark:
An analytic hierarchy process approach. International
Journal of Operations & Production Management, 14(6):
25-39. http://dx.doi.org/10.1108/01443579410062068
Sandita, A.V., Popirlan, C.I. (2015). Developing a multi-
agent system in JADE for Information management in
educational competence domains. Procedia Economics
and Finance, 23: 478-486.
http://dx.doi.org/10.1016/S2212-5671(15)00404-9





