DE GRUYTER
OPEN

BULGARIAN ACADEMY OF SCIENCES

CYBERNETICS AND INFORMATION TECHNOLOGIES e Volume 16, No 4

Sofia @ 2016 Print ISSN: 1311-9702; Online ISSN: 1314-4081
DOI: 10.1515/cait-2016-0070

Spectrum Allocation of Cognitive Radio Based on Autonomy
Evolutionary Algorithm

Yongcheng Lit, Hai Shen23, Manxi Wang?

IState Key Laboratory of Complex Electromagnetic Environment Effects on Electronics and Information
System, Luoyang, China

2College of Physics Science and Technology, Shenyang Normal University, Shenyang, China

3Control Theory and Control Engineering Postdoctoral Research Station, Shenyang Institute
of Automation, Shenyang, China

Email: shenhai@sia.cn

Abstract: Reasonable and effective allocation of cognitive radio spectrum resource
according to user’s requirements is the key task of cognitive radio network. Cognitive
radio spectrum allocation problem can be viewed as an optimization problem. This
paper analyzes the application of bio-inspired intelligent algorithm in cognitive radio
network spectrum allocation, and based on graph theory model of spectrum
allocation, proposes a spectrum allocation algorithm based on autonomously
evolutionary scheme. Three objective functions: Max-Min-Reward, Max-Sum-
Reward and Max-Proportional-Fair are employed to evaluate the proposed
algorithm capacity. The simulation result reveals that the proposed method can make
the system user to obtain better network benefits and better embody the fairness
between cognitive users. In the process of allocation, the proposed method was not
restricted by user scale and the number of spectrums.

Keywords: Cognitive radio, spectrum allocation, graph theory, bio-inspired
computing, autonomously evolutionary algorithm.

1. Introduction

With the development of wireless communication technology, an increasingly
serious problem in front of us is increasingly lack of spectrum resources. On the other
hand, there are many idle wireless spectrum resources varying in space and time,
therefore, Cognitive Radio (CR) technology was put forward to solve the spectrum
resource utilization problem [1]. CR User can sense the wireless communication
environment; if there is spectrum hole, CR User can access spectrum resource, thus
improving the spectrum utilization and realizing the flexible distribution of spectrum
[2, 3].

Spectrum allocation, as one of the core technologies of CR, means allocate idle
spectrum to cognitive user. In cognitive radio networks, the Secondary Users (also
known as an unauthorized user, SU) should sense real-time spectrum allocation
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status. Under the permission of the Primary User (also known as authorized users,
PU), SU should dynamic access idle spectrum, and at the same time not to interfere
with the communication of other user [4]. Fig. 1 shows a simple cognitive radio
communication scenario with distributed PU and SU.

Spectrum allocation is a complex and difficult problem [5, 6]. Spectrum
allocation strategy should not only avoid the interference between cognitive users and
authorized users, or the self-interference between cognitive users, but also meet the
demands of different user on spectrum resources. Thus, CR network can’t adopt the
traditional static spectrum allocation methods, instead of adopting dynamic spectrum
allocation strategy. The current spectrum allocation models mainly include
interference temperature model, graph coloring model, game theory model and
auction bidding model. The above four kinds of spectrum allocation models are
suitable for different working conditions, and have different characteristics.
Comparing the current spectrum allocation strategies, graph coloring theory method
is more suitable for this problem.

A: Signal Sent Terminal

@: Primary User (PU)
@ : Secondary User (SU)
Ty PU Coverage Range

;:":,: SU Coverage Range

Fig. 1. A sample cognitive radio communication scenario

Graph coloring model used for spectrum allocation is a typical NP-hard
problem, which is difficult to be solved by traditional optimization methods. Bio-
inspired computing methods are random search technology, which doesn’t rely on
precise mathematical model of the optimization problem. Therefore these algorithms
are more suitable for solving complex optimization problems [7-10]. In this paper,
Autonomously Evolutionary Algorithm (AEA) inspired by biological behavior is
proposed and employed to solve the spectrum allocation problem. According to the
experimental results, the AEA algorithm enables the system users to obtain greater
network benefits under the different evaluation rules, including maximum average
system benefit and the maximum proportion fairness; the AEA algorithm can better
ensure the fairness feature of spectrum allocation, even without restriction by number
of PU, SU and the spectrums.

The rest of this paper is organized as follows. In Section 2 the graph coloring
mathematical model of spectrum allocation is described and then compared to the
existing allocation algorithm based on the graph colouring model. Autonomously
evolutionary algorithm inspired by biology life-cycle is given in Section 3. Cognitive
radio spectrum allocation algorithms based on autonomously evolutionary algorithm
is also presented in Section 3. Simulation results and discussions are provided in
Section 4 and Section 5. Finally, Section 6 concludes the paper.
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2. The spectrum allocation algorithm based on Graph theory model

2.1. Graph colouring model

Spectrum allocation problem based on graph coloring was mapped into an
undirected graph G. Each node of an undirected graph represents a radio user; each
side represents the interference and conflicts between users. When two nodes in the
graph are connected by a side, these nodes cannot use the same spectrum. In addition,
each node has a set of optional color. Different colors correspond to different
spectrum. Different nodes correspond to the different sets of available spectrum. This
optional spectrum set is decided by the status of use spectrum, geographic location,
coverage range of authorized users, and has the dynamic characteristics. Generally,
graph coloring mathematical model includes available spectrum matrix, benefit
matriX, interference matrix and allocation matrix. The specific definition of each
matrix is as follows:

(1) Available spectrum matrix

Available spectrum matrix, also called idle spectrum matrix, refers to the set of
unused spectrum by PU within a certain period of time and certain space.

L={l,n 1., €{0.1}} s used to represent idle spectrum matrix, where N is user

label; M is spectrum label; I, n=1 indicates that spectrum band m is available for user
n; on the contrary, l,»=0 indicates that spectrum band m is not available for user n.
(2) Reward matrix

B ={bn’m}N , Is used to represent the reward matrix, where byn indicates the

rewards when user n uses spectrum m. After combing the available spectrum matrix
L and reward matrix B, available reward matrix L, = {In,m .bn’m}N , 6an be obtained.

X

The users would face different environments and adopt different modulation
techniques or transmitting powers, so the rewards may be different when they use the
same channel.

(3) Interference constraint matrix

C={CyimlConef{0,1}} s used to represent interference matrix. Coxm=1
indicates that interference emerges when users n and k use spectrum m at the same
time; when n =k, ¢,, . =, .. Interference constraint matrix C is decided only by
available spectrum matrix L.

(4) Non-interference allocation matrix

A:{amm la,, €10, 1}}N y is used to denote non-interference allocation matrix.
A= {an’m la,, €10, 1}}N ,, =1 shows that channel m is allocated to user n. Obviously,

non-interference allocation matrix must satisfy the following constraint:
an*a,=0 fc, =1 nk<N, m<M.
Spectrum allocation problem is abstracted to the graph coloring model
G(U, E,, Lg). U is the node set of graph G and denotes the SU in radio network; L,

n,k,m

denotes the set and weight of node optional spectrum; E_ is the side set and is
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determined by interference constraint matrix; and only if c,xm=1, there is a side with
the color m (band m) between two different nodes (SU). Allocation conditions
without interference can be described as follows: when there is m color side between
two different nodes, they cannot have the color m at the same time.

In this paper, the objective of spectrum allocation is to maximize network
benefit U(R), in order to balance many requirements of cognitive user. The next three
formulas to definition U(R) is used generally.

1. Max-Min-Reward (MMR)

MMR function maximizes spectrum utilization of limited users. This
optimization problem is expressed as follows:

M
(1) Umin = ]2?]22‘ rn = ]gr]]lgﬂ (mZ;an,m an,mj )

2. Max-Sum-Reward (MSR)
MSR function maximizes the total spectrum utilization of the system. This
optimization problem is expressed as follows:

N N M
(2) Usum :Zrn zzzan,mxbn,m'
n=1

n=1l m=1
3. Max-Proportional-Fair (MPF)
The goal of MPF is to consider the fairness of each user when using spectrum
resources. This optimization problem is expressed as follows:

N % N M %
®) ufai,{nrnj =[Hzan,mxbn,m+1o4j |
n=1

n=1 m=1

2.2. Spectrum allocation algorithm based on graph coloring model

Current spectrum allocation algorithms based on graph theory model mainly include
list-coloring algorithm, color sensitive graph coloring and so on. List-coloring
algorithm adopts a distributed network structure, which purpose is to obtain the
optimal number of channel allocation even under the communication constraints [11].
But list-coloring algorithm doesn’t consider the spectrum difference problem.
Zheng and Peng [12] propose the Color Sensitive Graph Coloring (CSGC)
algorithm. CSGC considers the spectrum differences problem adopting reward
matrix, but its drawback is a larger number of computational cost. With the increase
of the number of spectrums, the computational cost shows also nonlinear increase.
The actual cognitive radio environment is usually a very complex and fast time-
varying communication environment. However, in the existing solving scheme, the
defecting made them not suitable for spectrum allocation.

Bio-inspired optimization algorithms, such as GA, PSO, BFO, ACO, ABC, etc.,
adopt fitness function to evaluate individuals. They obtain the optimal value through
simulation in a certain social behavior and natural phenomena, so their optimization
process does not depend on strict mathematical properties of the optimization
problem, such as continuity, conductivity, and the precise mathematical description
on objective function and constraint conditions, etc. Those characteristics make bio-
inspired optimization algorithms suitable for solving the complex decision problem
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of spectrum allocation. GA is the first one employed to solve a spectrum allocation
problem; designing the map matrix relationship between chromosome and channel
assignment GA proves its feasibility. Then FA, ABC, QGA were used to solve the
spectrum allocation problem [13-17].

3. Autonomously searching algorithm

All living organisms have lifecycle, although different organisms have different
lifecycle lengths, but they all undergo the process from birth to death. When an
original life ends, a new life will be generated. The biology evolution of nature
follows the “cycle relay” pattern, which is a cycle process of “life and death
alternation”. This process is repeated continuously making the life on earth endless,
and biologic evolution becomes more and more perfecting. In this paper, the four
stages of a life-cycle are borrowed (foraging, reproduction, death and mutation), and
an autonomously evolutionary algorithm is proposed.

3.1. Foraging

In foraging stage each individual has its foraging characteristic in autonomously
evolutionary algorithm, which is inspired by animal searching behaviour and the
producer-scrounger model. There are two equations:

) X=X X X)),
) X' =r,(ub—1Ib) +1Ib,
where, X, is producer, I, and r, are uniform random sequences in the range (0, 1);

and there are three kinds of individuals in the population:

(1) One producer searches for food. At each iteration, the individual located in
the most promising resource is producer; the resource remains the current better
location in the next iteration.

(2) Scrounger performs area copying behaviour. Scrounger uses Equation (4) to
keep searching opportunities found by the producer. At each iteration, a number of
individuals except producer in the population are randomly selected as scroungers.

(3) Ranger employs random walk searching strategies for randomly distributed
resources. Ranger performs random walk motion using Equation (5). At each
iteration, the remaining individuals are rangers.

3.2. Death

According to “the survival of the fittest” theory and for ensuring a fixed population
size, AEA takes a certain method which can make some individuals retained and
others eliminated. In this algorithm, the selection operator performs roulette selection
strategy. A number of individuals with the best fitness values are chosen to pass to
the next generation.
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3.3. Reproduction

In AEA, the reproduction operator selects single-point crossover method. One
crossover point is selected, information from the beginning to the crossover point is
copied from one of the parents, and the rest is copied from the second parent.

3.4. Mutation

In AEA algorithm, the mutation operator performs dimension-mutation strategy. For
each individual X, eR", X, =(Xy, X, X;,), one dimension of an individual

selected according to the probability will get re-location in search space,
(6) x; = rand(2)(ub —Ib) +Ib,

where, ub and Ib are the upper boundary and lower boundary of search space. In the
N-dimension search space, the x; is the position of the j-th dimension of the i-th
individual; the value j is in the interval [1, N].

3.5. Spectrum allocation steps based on AEA algorithm

Spectrum allocation steps based on AEA algorithm are as follows:

Step 1. Setting parameters

Setting values of all parameters: the number of PU, SU and the spectrum, the
coverage radius of PU, the maximum and minimum coverage of SU, population size,
algorithm iteration number, crossover probability, mutation probability and so on.

Step 2. Initialization of spectrum environment and population

Available spectrum matrix L, reward matrix B and interference constraint matrix
C are randomly generated, in order to simulate spectrum allocation environment.
Additionally, the dimension of each individual in the initial population is determined
according to the matrix L, and population is initialized randomly.

Step 3. Calculation of the fitness

Each individual in the population represents a possible spectrum scheme, but it
is also limited by the interference allocation matrix, and needs to be limited through
non-interference allocation matrix. Specific implementation process is as follows:

finding all n and k when ¢, . =1, and checking whether the value of the element

n,k,m
which corresponds to m-th column n-th row and m-th column k-th row in matrix A is
1; if it is so, one of them should be randomly set to be 0. After restricting spectrum
matrix, the fitness value is calculated for each individual in the population using
Equations (1)-(3).

Step 4. Population evolution

For each member i in the population, if i-th member is producer, it remains on
the current position; if else, some members perform scrounging strategy using
Equation (4); the rest of the members perform ranging strategy using Equation (5).
Then the selection, crossover and mutation operation are carried out, respectively, for
all individuals.

Step 5. Steps 3 and 4 are repeated, until the termination conditions are achieved,
then the optimal spectrum allocation scheme is output.
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4. Experiment setting

The simulation experiments are conducted in order to test and verify the effectiveness
of the spectrum allocation scheme based on AEA. Assuming communication
environment is in the area [-10, 10], network topology is randomly generated with a
certain number of PU, SU and the available spectrums. M, N and K represent the
number of PU, SU and the available spectrums, respectively. The radius of PU power
coverage range Rpy is set to 3, the maximum coverage of SU Raumax is 4, and the
minimum coverage Rwmin is 1. The CR network topology structure shown in Fig. 2
has 5 PU and 10 SU, which places are chosen randomly.
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Fig. 2. CR network topology structure with randomly 5 PU and 10 SU

For comprehensive analysis of the proposed algorithm performance, the
experimental results are compared with spectrum allocation schemes based on GA
and PSO. Furthermore, for three parameters, M, N, K, the performance changes of
those algorithms are tested under the parameters environment by changing a
parameter value while keeping the other two parameters. These tests are divided into
three types. For achieving a fair comparison, channel availability matrix L is
determined by the position of the user and is randomly distributed; effective channel
matrix B is generated randomly; interference matrix C is calculated by L and
interference is limited; the comparative tests of those algorithms use the same L, B,
C and initial population.

The following parameters are considered: 30 individuals are employed; the
simulation results are obtained over 30 times and use the average value; selected
operation adopts the roulette method; single point crossover probability is 0.8 and
mutation probability is 0.1; inertia weight is linearly decreased from 0.9 to 0.4; both
the acceleration constants are set to 2.
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5. Results and discussion

This paper includes three types of experiments. The first type is fixing the number of
PU and spectrums, changing the number of SU. The second type is fixing the number
of SU and spectrums, changing the number of PU. The third type is fixing the number
of PU and SU, changing the number of spectrums. The different types of experiment
represent different communication topology structure. In the first study, the number
of SU adopts two different values: 5 and 30, and the number of PU and spectrums are
set to 10. In the second study, two different values of the number of primary users
are considered, 5 and 30; the number of SU and spectrums is 10. In the third study,
the numbers of spectrums are set to two different values: 5 and 20, and the number
of PU and SU are set to 20.

Table 1 and Fig. 3 show the network rewards value and its convergence curve.
Experimental results obtained by AEA algorithm on MMR, MSR and MPF are better
than that of GA and PSO on most communication topology structures, which proved
the superiority of the AEA algorithm. These results are also shown, compared with
GA and PSO, no matter in what kind of cognitive environment; the maximizing
limited user spectrum, utilization and fairness of cognitive users accessing idle
spectrum are all improved by AEA. Also, it can be seen that AEA algorithm shows
faster convergence speed than others with the increase of the number of iterations.

In the first type experiments, network rewards are reduced accordingly with the
increase in the number of SU, but AEA algorithm also yields higher value than other
algorithms. In the second type experiment, with the increase in the number of PU,
experimental results realized by AEA algorithm are superior to GA and PSO on most
topology structure. In the third type experiment, it can be seen with the spectrums
number increases; the user’s system reward on three indicators is also increased. But
obtained results by AEA are always higher than others. It proves that users can get
better spectrum allocation scheme using AEA in more numbers of spectrum
allocation problem.

From above discussion, AEA algorithm can get better spectrum allocation effect
and has faster convergence speed compared with the GA and PSO. Based on three
evaluation functions, the proposed algorithm ensures that the system users gain much
more network rewards, and effectively reflects the spectrum allocation fairness. The
AEA algorithm is not restricted by number of users and spectrums.

Table 1. Experimental results of three types

Algorithm | GA | PSO | AEA GA | PSO | AEA
MMR | 32.4 | 205 | 59.5(1) MMR | 5.26 | 6.15 | 6.58(1)
N=5 MSR | 271 | 294 | 291(2) | N=30 [ MSR | 550 | 614 | 636(1)
MPF | 421|471 | 47.1(2) MPF | 10.9 | 12,5 | 12.7(1)
M=10 | MMR |203| 19 |27.1(1) | M=30 | MMR | 21.8 | 24.3 | 28.3(1)
MSR | 307 | 346 | 356(1) MSR | 411 | 461 | 455(2)
MPF | 22.6 | 24.3 | 24.5(1) MPF | 323369 [37.30)
K=5 MMR | 559 | 562 | 646(1) | K=20 | MMR | 11.1 | 12 | 13.3(1)
MSR | 251 | 291 | 292(1) MSR | 834 | 937 | 947(1)
MPE | 5.36 | 7.25 | 7.49(1) MPF | 28.4 | 318 | 31.4(2)
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6. Conclusions

Reasonable and effective allocation of spectrum according to cognitive user
requirements is quite significant for CR network. Spectrum allocation strategy should
effectively select and use idle spectrum, and avoid conflicts between authorized users
and unauthorized users. The strategy should even enable all users to fairly share
spectrum resources and meet the needs of different business users. Inspired by the
biological life-cycle theory, this paper proposed autonomously searching algorithm.
The proposed algorithm simulates life-cycle in four stages and four evolution
operators are designed: foraging, selecting, reproduction and mutation. Based on
graph theory model, this paper introduces spectrum allocation scheme which is base
of the AEA algorithm. Firstly, populations are encoded and the best spectrum
allocation scheme is quickly determined through the foraging, selection, crossover
and mutation operations. The experimental results show that the proposed algorithm
is effective and rapid convergence.

In practical application, CR communications environment is dynamic, and the
communication state of PU is changing in real time, so the spectrum allocation
algorithm should have real-time characteristics. So far, research work under static
environment has been completed. In the further work, we should consider the
dynamic spectrum allocation scheme and ensure the flexibility and real-time features
of spectrum allocation.
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