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ABSTRACT

This paper develops two different optimization algorithms for
solving problem of power utilization efficiency in cognitive
radio environment (CRE). While genetic algorithm was
developed as biology-inspired optimization algorithm, load
balancing algorithm was developed as game-theoretical
optimization algorithm. The two algorithms were developed
in MATLAB environment. The developed algorithms were
later evaluated to determine their respective power efficiency
utilization in CRE. Numerical results obtained reveal that
genetic algorithm is about 15% better than load balancing
algorithm in term of power utilization efficiency. In addition,
the obtained results show that biology-inspired optimization
algorithm such as genetic algorithm in which all the parties
act together to optimal system is better candidate for spectral
resource allocation in CRE than game-theoretical optimization
algorithm such as load balancing algorithm where individual
acts separately to optimal the system.
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Keywords
Radio spectrum management, dynamic spectrum access,
optimization, evolutionary algorithms, game theory

1. INTRODUCTION

Observations recently as shown that there is surge in demand
for and use of radio spectrum as a result of daily increasing in
emerging and deployment of new wireless services and
applications, which has led to radio spectrum scarcity [1,2].
Although, radio spectrum is a renewable nature resource, its
usage and access is currently being regulated both at
international and national levels. While its regulation at the
international level is by assigning specific frequency bands to
certain applications and services, the regulation policy at the
national level is by assigning certain portions of the radio
spectrum to individual users on a fixed allocation policy. This
traditional approach to radio spectrum management has
worked well and provided optimal solution in the past by
ensuring interference free communication between active
radio spectrum users. However, with the recent surge in
demand for and use of radio spectrum, current fixed allocation
policy of radio spectrum is obviously obsolete. One of the
reasons the policy is being considered as obsolete is because
of the imbalanced it has created between radio spectrum
scarcity and underutilization [3]. As a result of this imbalance,
several spectrum regulatory agencies and researchers around
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the world had conducted studies on current radio spectrum
scarcity with an aim of finding optimal means of managing
the available radio spectrum. Unfortunately, results of these
studies showed that radio spectrum is not really scarce but
underutilized as large portion of licensed spectrum is either
not in used at all or sporadically used in time, space and
frequency [1, 2].

In overcoming this underutilization problem, series of
solutions were proposed. One of the feasible solutions first
proposed in the academic community and equally supported
by the regulatory bodies is dynamic spectrum access (DSA)
also known as opportunistic spectrum access (OSA). This
access strategy allows unlicensed or secondary user (SU) to
use underutilized or unused portion of the licensed spectrum
in an opportunistic manner as long as it does not cause
significance interference to the licensed or primary user (PU).

The need for DSA or OSA as reported in [4] was first
proposed for the United States (US) by the Federal
Communications Commission (FCC) in 2003. The key
enabling technology for DSA, as reported in [5, 6], is
cognitive radio. As reported in [5], cognitive radio (CR)
unlike a traditional radio has the capability to sense and
understand its environment and proactively change its mode
of operation as needed. In light of these capabilities, CR can
intelligently use the unused portions of the licensed spectrum
and communicate reliably without interfering with the PU
thereby maximizing the spectrum utilization rate.

However, in cognitive radio environment (CRE), which is
also referred to as cognitive radio network (CRN), spectrum
allocation and access is a competitive issue. For instance,
when different spectrum users are pursuing different goals and
compete for limited white space or unlicensed frequency
band, fully cooperative behavior cannot be guaranteed. This is
because in competitive environment like this, users will only
cooperate if and only if cooperation will earn them better
benefit. Moreover since the CRE keeps changing all the time
due to traffic variations, appropriate reallocation of the
spectrum resources results in a lot of communication
overheads. In tackling these challenges in CRE, it is obvious
that management of radio spectrum with conventional
methods is no longer possible. Therefore, other approaches in
managing and accessing radio spectrum are being proposed.
One of these approaches is to apply biology-inspired
optimization techniques and in particular genetic algorithm
for optimal spectral access and management [7]. Another
approach is the application of game-theoretical optimization
technique [8].
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Optimization by simple definition is an act of achieving the
best possible outcome wunder a given situation or
circumstance. It is a powerful tool of finding suitable feature
subsets for a selected problem. However, the difficulties
associated with using mathematical optimization on large-
scale engineering problems have contributed to development
of alternate solutions such as evolutionary-based and game-
theoretical optimization algorithms. While the evolutionary
algorithms (EAs) are stochastic search methods that mimic the
process of natural or biological evolution to find a solution to
a problem from a set of solutions called population, game-
theoretical algorithms are set of mathematical models that
describe cooperation and conflict of several decision-makers.

According to [9], family of successful EAs consists of genetic
algorithm, genetic programming, differential evolution,
evolutionary strategy and most recent paddy field algorithm.
Generally, all members of the EA family share a great number
of features in common. For instance, they are all population-
based stochastic search algorithms with best-to-survive
criteria. In the EA family, each member algorithm usually
commences by creating an initial population of feasible
solutions, and evolves iteratively from generation towards a
best solution. Fitness-based selection usually takes place
within the population of solutions in the algorithm successive
iterations. Better solutions are preferentially selected for
survival into the next generation of solutions. Like EAs,
game-theoretical optimization algorithm main goal is to find
optimal solutions to situations of conflict and cooperation [10]
under the assumption that players are instrumentally rational
and act in their own best interest. The theory represents the
interface of mathematics and management. Thus, the theory
adopts terminology that is familiar to both management and
mathematics.

Basically, game theory (GT) has three components [11],
which are: (i) set of players, (ii) set of actions and (iii) utility
function. In context of CRN, the set of players are nodes of
CRN while actions may be available modulation scheme, flow
control parameter, coding rate, transmit power, protocol, or
any other factor that is under the control of the node. On the
other hand, utility function can be throughput, signal-to-
interference-plus-noise ratio (SINR) and quality of service
(QoS) of CRNs. Thus, one of the fundamental constituents of
any game is its participating, autonomous decision makers
called players. Each game must have at least two players who
gait to maximize their own benefits with regard to its
opponent’s decision. Therefore, in game theoretical algorithm,
players maximize their opponent’s choices by choosing a
strategy or strategies that will maximize profits for them. The
theoretical algorithm is therefore based on the principle that
players are rationally behaves whenever they are playing with
each other in the strategic environment. This attribute aids the
algorithm enhancement of rational and optimal result in
competitive environment.

As reported in [12], the first evolutionary-based optimization
technique introduced in the literature was the genetic
algorithm (GA). GA was developed based on the Darwinian
principle of the survival of the fittest and the natural process
of evolution through reproduction. On the other hand, load
balancing algorithm (LBA) as a GT based optimization
algorithm aims at distributing available recourses between
players in order to enhance optimal resources utilization.
However, according to [13], game theoretical algorithm such
as LBA and biology-inspired optimization method such as GA
are often different because in optimization method such as

GA, all parties are willingly acted together which leads to the
best results for the whole system. On the other hand, in game-
theoretical optimization methods such as load balancing (LB)
each party tends to act individually, which leads to most
logical outcome for one party but may not be the best for the
whole of the system. Hence, it is not clear whether
optimization algorithm that is based on biology-inspired
optimization algorithm or game-theoretical optimization
algorithm will perform better on radio spectrum resource
allocation problem or not. Thus, in this paper, comparative
performance of GA and LBA using power resource’s
utilization efficiency in CRE is carried out.

While interest in LB game-theoretical algorithm in this study
is as a result of competition involves in spectrum resources
usage under DSA, where players can be cooperative, selfish
or even malicious, the usage of GA is based on observation
made by [14,15] that biology-inspired optimization algorithm
such as GAs are more effective than conventional
optimization algorithms under appropriate conditions. Thus,
in order to verify the strengths of these two optimization
algorithms in CRE, the two optimization algorithms were
employed in modeling competitive behavior and strategic
interactions among wireless users. The two developed
optimization algorithms were later evaluated to determine
their respective performance efficiency and suitability for
power allocation in CRE. The main contribution of this paper
therefore is to experimentally show whether or not biology-
inspired optimization algorithm particularly GA is more
efficient than game-theoretical algorithm particularly LBA in
power utilization in CRE for efficient radio spectrum usage
and information transmission in wireless communication. For
sequential and logical presentation of the study presented in
this paper, the rest of this paper is structured as follows.
Section 2 presents brief review of the two optimization
algorithms’ applications in CRN. In Section 3, details on the
development of the two optimization algorithms are for this
study are presented. The performance evaluation results
carried out on the developed algorithms are presented and
discussed in Section 4. The paper is finally concluded in
Section 5, which is the last section of the paper.

2. REVIEW OF GA AND GT

APPLICATION IN CRN

CR is the key enabling technology for DSA or OSA, which as
reported in [16] is a type of radio that can change its
transmitter parameters based on interaction with its
environment. From this definition, two primary characteristics
of the CR namely: cognitive capability and re-configurability
enable the CR to carry out intending purposes. While the
cognitive capability enables the radio to capture or monitor
the information from its radio environment, the re-
configurability enables the radio technology to be
dynamically programmed according to its environment. Since
many parameters are to be configured in CRE, GA has been
considered as one of the suitable optimal searching method in
CRT [17]. It usage has been revolved around the
configuration of various CR parameters such as pulse shape,
symbol rate and modulation [18]. For instance, in the study
reported in [19], GA was employed in CR engine developed
by formulating a multi-objective optimization problem. The
fitness function for the formulated multi-objective
optimization problem was later evaluated. In line with the
formulation, the authors defined the chromosome structure as
consisting of power, frequency, pulse shape, symbol rate and
modulation. GA was used to develop the three basic tasks of
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sensing, learning and adaptation. Similarly, in the study
presented in [20], GA was employed for enhancing the CRN
performance by using it to solve multi-objective problems that
aim at minimize both the bit error rate and power while the
throughput was maximized. Also, in [21], GA was used for
radio frequency parameter optimization in CR. In reference
[21], receiver noise figure, antenna parameters, modulation
and coding schemes, transmit and receive antenna gains,
transmit power, coding gain, data rate frequency and
bandwidth were used as genes. The fithess measure was
determined using link margin, data rate and spectral
efficiency. The maximum fitness measure and associated
chromosomes were tracked and save, were later utilized as
optimal solution for setting the radio parameters.

Like GA, knowledge of GT has equally been used in
allocation of channel to CRs in CRN. The two types of GT,
which are cooperative and non-cooperative, have been used in
CRN. When the cooperative game theory is used, all the CRs
or SUs will cooperative to maximize total network
performance by sharing vital information like utility function
to achieve Nash Bargaining [11]. On the other hand when the
non-cooperative GT is used, CRs or SUs are consider as
rational users that maximize their utility function such as
allocating resources individually since users do not have
access to the strategies and payoff of other users. This type of
GT converges at Nash equilibrium state. For instance, in [22]
the problem of fixed radio spectrum allocation policy from an
economic point of view was solved using simulation model to
improve bandwidth allocation issue between the PU and SUs
in a CRN or CRE. These authors in [22] approached the
problem by developing an algorithm that maximizes the
effectiveness of the SUs in the CRE while the cost of the
bandwidth was minimized. Also, in study presented in [23], a
framework for modeling multi-user, multi-band, spectrum
sensing and spectrum sharing problem in CRs was developed
as a cooperative game. Secondary or CR users jointly sense or
monitor the spectrum and cooperatively detect the PU activity
for detecting spectrum holes. The formulated cooperative
game by these authors quantified and shared the benefits of
cooperation by accessing identified spectrum holes in fair
manner. The simulation results show that the formulated
cooperative game by the authors in [23], in comparison with
other resource allocation models provides the best balance
among fairness, cooperation and performance in terms of data
rates obtained by secondary users.

Apparently, the review has shown the effectiveness of GA and
GT in resources allocation in CRNs. However, none of the
survey literature cares to compare the performance efficiency
of these two algorithms, which is the focus of the study
presented in this paper. This aim was achieved by developing
GA and LBA for dynamic power utilization efficiency in
CRE. The detailed information on the development of the two
algorithms is presented in next section.

3. THE TWO ALGORITHMS
DEVELOPMENT

This section is divided into two subsections. While detailed
information on development of the GA is presented in the first
subsection, the detailed information on development of the
LBA is presented in the second subsection. Details

information on the development of the two algorithms are
presented in the following subsections.

3.1 Development of GA

In developing the GA for this study, an initial population
made up of strings of numbers was chosen at random. Each
string of numbers, which are known as chromosomes were
broken down into smaller sets called traits. While each
chromosome represents a network user or node, the traits are
used as subsets of the network parameter. A slot in each
subset, also known as gene, is used to represent the basic unit
of the radio resource to be optimized. The developed GA was
then used for efficient power allocation in the multi-users
network with the total chromosomes making up the number of
spectrum users.

The operation of the GA proceeds in steps. It begins with the
initial population based on the number of users in a band-
limited network. After the initialization stage, a selection
process to choose chromosomes that will survive and form
mating pool takes place. The survival of this chromosome
determines how power was allocated. Chromosomes are
chosen based on how fit they are relative to the other
members of the population. More fit individuals end up with
more copies of themselves in the mating pool so that they will
more significantly affect the formation of the next generation.
The GA was developed using MATLAB GA toolbox. The
modeled flowchart for the developed GA is as shown in Fig.
1.

3.2 Development of LBA

Unlike the GA, the LBA is a non-genetic algorithm but a GT
optimization algorithm that aims at equally distributing the
network resources among players (i.e. the network users).
Like the GA, the LBA for this study was also implemented in
MATLAB. It was developed to accept a number of users,
technically called players, and then allocates the spectral
power to the players in two modes.

The first mode is the priority based allocation and the second
mode is even resource allocation. In even resource allocation,
the optimization function is evenly distributed among all the
players i.e. the secondary spectrum users at a particular time.
The procedure involved in developing the LBA was divided
into stages. The first stage involves spectrum sensing, which
is assumed to be perfect and not considered in this study. The
second stage involves allocation of spectral resource, i.e. the
power among the secondary users based on their numbers.
The step-by-step approach involves in developing the
algorithm is shown in Fig. 2. The results obtained for the two
algorithms are presented and discussed in next section.

4. RESULTS AND DISCUSSION

In this section, the results obtained for the two algorithms are
presented and discussed. The section is equally divided into
two subsections. In the first subsection, the respective
performance of each algorithm in term of power spectral
density distribution with different number of users is
considered. In the second subsection, the comparative
performance of the two algorithms in term of power usage
efficiency was considered. The results obtained for each
subsection are presented in the following subsections.
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4.1 Power Spectral Density per user
The power spectral density (PSD) distribution against the
number of users for GA and LBA are presented graphically in

Fig. 3 and Fig. 4 respectively. Five numbers of secondary or
cognitive devices were considered. However three
corresponding PSD obtained for the two algorithms are
presented out of five considered due to limited space. The
PSD analysis was considered to characterize the average
power distribution for each of the algorithms. Critical
observation of Fig. 3 and Fig. 4 for GA and LBA respectively
shows that the energy of the signal is uniformly or evenly
distributed for each algorithm. The evenly distribution of the
energy among the users implies the possibility of interference
free communication among the users.

Furthermore, critical analysis of Fig. 3(a) and Fig. 4(a) for GA
and LBA respectively show inefficiency usage of spectral
power when only one user is operating compared with Fig.
3(b) and Fig. 4(b) when multiples, precisely three, users were
operating or assessing the available channel simultaneously.
The results of this study presented graphically in Fig. 3(a) and
Fig. 4(a) confirmed the findings in [1,6] that the current
traditional or fixed spectrum allocation policy is majorly
responsible for radio spectrum scarcity currently experience
worldwide and sole causes of imbalance in current radio
spectrum scarcity and underutilization [1-3]. On the other
hand, when multiple users are occupying the same channel
simultaneously as shown in Figures (3b), (3c), (4b) and (4c),
the wastage spectral resource that is unused when only one
user is occupying the channel in Fig. 3(a) and Fig. 4(a) is
effectively utilized. This implies that DSA policy that allows
multiple users to operation simultaneously as long as there is
no interference among users, especially the PU, will not only
serve as a means of improving spectral resources utilization
but also serve as a means of converting wastage spectral
resources to wealth. Thus, the results shown in Figures (3b),
(3c), (4b) and (4c) have equally confirmed DSA as a better
alternative to the current fixed allocation policy and a new
access technology to mitigate current radio spectrum scarcity
and underutilization.
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In addition, further observation of the PSD for GA and LBA
shown in Fig. 3 and Fig. 4 respectively show slight degree in
power distribution. The figures show that power distribution
of GA is about 15% higher than that of LBA. This indicates
that power conversion efficiency in GA outperform that of the
LBA. In addition, this higher power conversion efficiency in
GA implies better quality signal transmission and reception in
GA modeled CRNs than the corresponding LBA modeled
CREs. Similarly, critical observation of Fig. 3(a) — (c) show
that the PSD obtained from GA are with minimum spikes
compare to the PSD obtained for LBA. This implies that CRE
developed based GA enjoys better interference free
communication compared with CRE developed based LBA.

Furthermore, the PSD results shown in Fig. 3 and Fig. 4 show
relatively perfect coexisting of two or more spectrum users in
the same frequency band with guard bands between the users.
This result agrees with the results presented in [24].This
established the fact that results obtained in this study is in
agreement with results obtained in previous study in surveyed
literature. In addition, the PSD results for the two algorithms
as shown in Fig. 3(c) and Fig. 4(c) show some negative spikes
when five users are considered. This implies that after fourth
users, the two algorithms experience diminishing return. The
results buttress the finding in [25] that a maximum of four
cognitive radio users or SUs are ideal for optimal cooperation
gain in a CRE in order to avoid incurring cooperative
overhead.

4.2 The Algorithms Comparative

Performance Analysis

In order to further establish which of the two algorithms
outperform the other, further comparative performance
analyses were carried out on the two algorithms based on their
respective power efficiency utilization. The result of this
power efficiency comparative analysis is shown in Fig. 5. The
analysis result shows that there is variation in the two
algorithms power efficiency profiles. From Fig. 5, while the
power utilization efficiency for GA remains constant with
increase in the number of users, the corresponding power
utilization efficiency for LBA decreases as the numbers of
user increases. This comparative analysis also shows that GA
outperforms LBA in power utilization efficiency.

This variation in power utilization efficiency between the two
algorithms buttresses the finding in [13] that optimization
algorithms’ performance is based on their respective observed

optimization properties. Basically, the two algorithms are
optimization algorithms; however, while all the parties act
together in GA to ensure optimal result, each party in LBA
acts separately to ensure individual optimal result. Thus, the
optimization diversity approach in the two algorithms account
for the variation in their respective performance result.

5. CONCLUSION

The results obtained from this study have shown clearly that
GA is a better power utilization algorithm than GA. Also,
based on the comparative evaluation result, this study has
scientifically established that GA, which is biology-inspired
optimization algorithm, performs better on power spectral
resource allocation in CRE than LBA, which is a game-
theoretical optimization algorithm. The numerical result
obtained from this study buttresses the observation that
biology-inspired optimization algorithm such as GA is more
effective than conventional optimization algorithms under
appropriate conditions. The result of the study also shows that
optimization algorithm, such as GA, in which all parties act
together to ensure optimal result is better candidate for
spectral resource allocation in CRE than optimization
algorithm such as LBA where individual party acts to fulfill
their respective desire. Furthermore, the study has shown
practically the potential of DSA in overcoming the problem of
radio spectrum scarcity and underutilization currently
experience worldwide in the nearest future if the radio
spectrum access can be adopted worldwide. In addition, it is
obvious that the adoption of DSA will not only overcome the
current problem of radio spectrum scarcity and
underutilization but equally enhances radio or wireless
information transmission worldwide.
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