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In this paper, the trade-off between utility and energy consumption in orthogonal fre-
quency division multiplexing (OFDM)-based cognitive radio (CR) network is investigated.
Energy efficiency problem is very important in the field of CR network, where the util-
ity is maximized and the energy consumption is minimized in such a CR network. Since
the trade-off between them has been paying more attentions in literature, this study sum-
marizes the power allocation as an optimization problem that maximizes the energy effi-
ciency via a new energy efficiency metric defined by this paper. The formulated problem is
a large-scale nonconvex problem, which is very difficult to solve. In this paper, we present
an improved particle swarm optimization (PSO) algorithm to solve the difficult large-scale
optimization problem directly. Given the weak convergence of the original PSO around lo-
cal optima, an improved version that combines the chaos theory is proposed in this study,
where chaos theory can help PSO search for solutions around the personal and global
bests. In addition, for the purpose of accelerating the convergence process when facing
with such a large-scale optimization, the original problem is decomposed into a number
of small ones by employing the coevolutionary methodology, and then divide-and-conquer
strategy is used to avoid producing infeasible solutions. Simulations demonstrate that the
proposed coevolution chaotic PSO needs a smaller number of iterations and can achieve
more energy efficiency than the other algorithms.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

(called primary users) are idle or the interference received
at primary users from secondary transmissions is tolerable

Nowadays almost all wireless spectrum has been li-
censed to existing wireless communications applications.
With the increasing demand for wireless data service,
spectrum scarcity will become a big problem in future
development of wireless communications networks. One
promising solution to overcome the spectrum scarcity
problem is to use opportunistic spectrum access tech-
niques such as cognitive radio [1], which lets unlicensed
users (called secondary users or cognitive users) temporar-
ily utilize a licensed spectrum band, if the licensed users
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(in other words, secondary transmissions do not affect the
transmission quality of primary users). Due to its potential
to largely improve the spectrum utilization efficiency, CR
has received much attention from academia, industry, and
spectrum regulation agencies [2].

In a cognitive radio (CR) network, primary users have
the highest priority to use the spectrum. Secondary users
are aware of the transmission environments, and can
adapt their transmission/reception patterns to the varying
spectrum environments. As an example, consider that
a secondary user uses a licensed spectrum band. If the
corresponding primary user is back (i.e., the primary user
needs to use the spectrum band), the secondary user
needs to stop using the spectrum band, and try to find
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other idle spectrum bands to continue its wireless access
service. Dynamic spectrum allocation is a main challenge
in the design of cognitive radio networks, which enables
wireless devices to opportunistically access portions of the
spectrum as they become available.

In this paper, we consider an orthogonal frequency
division multiplexing (OFDM)-based CR network, and we
focus on the network utility (to be defined in Section 3).
We define “utility per Joule” as the energy efficiency
metric, which can effectively characterize the trade-off
between utility and energy. A power allocation problem is
formulated, which maximizes the energy efficiency. Since
there are base stations (BSs) in the system, the optimiza-
tion problem is centralized and nonconvex, and is hard
to be transformed to a convex problem. So in this paper,
we adopt PSO (particle swarm optimization) algorithm ,
which can solve the nonconvex optimization efficiently.
PSO algorithms are modern heuristic algorithms based on
bird flocking, there is no theory proof for PSO to get the
global optimum, but they have demonstrated their poten-
tial in solving complicated optimization problems [3-6]
and network optimization problems [7-9]. The advantages
of PSO algorithms include: they have simple theoretical
structure with good convergence properties; they are easy
to implement; they do not require the objective functions
to be continuous. PSO methods have been popularly used
in wireless networks. For example, Zhao et al. [7] uses
PSO to optimize CR parameters based on the spectrum
environments and user needs; a PSO-based distributed
resource allocation algorithm in wireless mesh networks is
proposed in Ref. [8]; and Lin [9] applies PSO to deal with
router node placement problem in a dynamic wireless
mesh network such that the network connectivity and
client coverage are maximized.

However, it is very likely that traditional PSO algo-
rithms may be trapped into local optimal solutions (which
are not global optimal). Therefore, in the literature, chaos,
which has the features of randomness, ergodicity and
regularity, has been used in PSO algorithms recently
[10-14]. Chaotic PSO algorithms can maintain the popu-
lation diversity, which is a nice property. Liu et al. [10]
applies chaotic dynamic in PSO algorithms, using the
chaotic local searching behavior. Coelho and Herrera [11]
considers fuzzy identification, which enhances PSO algo-
rithms with chaotic Zaslavskii map sequences and efficient
Gustafson-Kessel clustering. The chaotic PSO algorithm is
shown to be effective in building a good TS fuzzy model.
In [12], the authors consider prediction of silicon content
in hot metal, in which PSO algorithms are enhanced with
chaotic under the logistic equation. A binary PSO is used
in [13] to predict operon in bacterial genomes, and chaotic
sequence is introduced when updating inertia weight.
In [14], the authors apply a PSO algorithm to estimate
the unknown parameters for a hybrid-forecasting model,
in which initial values of unknown constants in particle
velocity and position equations are generated by chaotic
mapping. Due to the nice features of chaos theory in PSO
algorithms, we adopt a chaotic PSO algorithm in this paper.

Besides the chaos, we also apply the cooperative coevo-
lution theory, since cooperative coevolution theory is very
suitable for large scale optimization problems. An applica-

tion of cooperative coevolution theory in PSO can be found
in [15], in which PSO position update rule relies on Cauchy
and Gaussian distributions. And in our recent paper [16],
chaos theory is combined into cooperative coevolving PSO,
as chaos theory can help PSO search for solutions around
the personal and global bests, thus avoiding being trapped
into local optimal points. And a belief space is used to
store the experiences for individuals to learn from each
other indirectly. In this paper for CR networks, coevolution
and chaos theory are all combined with PSO, referred to
as CCPSO. But there is no need to set a belief space. Two
populations of PSO are included in the CCPSO, and the
problem is solved by using max-min approach.

The rest of the paper is organized as follows. Related
work is given in Section 2. The system model and problem
description are presented in Section 3 The proposed CCPSO
algorithm is given in Section 4. Numerical results are pro-
vided in Section 5, followed by conclusions in Section 6.

2. Related work

The utility maximization in a multi-cell CR network un-
der a total transmit power constraint is considered in [17].
A cooperative secure resource allocation in CR Networks
was considered in [18], since the problem is NP hard,
the problem is transformed into a generalized geometric
programing model. Since secondary users are usually
powered by battery, energy consumption in their wireless
transmissions is an important issue. Further, large energy
consumption is often due to large transmission power,
which actually generates large interference to users in the
vicinity and degrades service of those users. Accordingly,
in this paper, we consider energy efficient CR networks
that employ orthogonal frequency division multiplexing
(OFDM) technology [19]. The reason we consider OFDM
is that OFDM is very suitable for high speed broadband
wireless access due to its immunity to inter-symbol-
interference (ISI).

Energy efficiency has been well-investigated in tradi-
tional wireless networks [20,21]. Code division multiple ac-
cess (CDMA) networks are considered in [22], which de-
velops a cross-layer algorithm for energy efficiency. It is
proved that the algorithm is Pareto-optimal under certain
conditions. Meshkati et al. [23] also considers a CDMA
network, which studies the trade-off between energy effi-
ciency and delay. A game theoretical approach is presented
to maximize the utility by selecting the transmit power
under a delay requirement.

Due to the popularity of CR research, energy efficiency
in CR has also received a lot of attention. Buzzi and Sat-
urnino [24] consider a cognitive CDMA wireless network,
and presents a game-theoretic algorithm to achieve energy
efficiency in a one-shot fashion. Wu and Tsang [25] investi-
gates the sensing and transmission durations of secondary
users. A nonconvex optimization problem is formulated to
achieve energy-efficient power allocation, which is solved
by analyzing three special cases. In [26], the authors
develop an energy efficient power control algorithm for
OFDM-based CR networks. The objective function is based
on the “throughput per Joule” metric. The formulated
optimization problem, which is nonconvex, is transformed
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Fig. 1. The network system.

into a convex problem based on parametric programing.
Mao et al. [27] considers multiple-input multiple-output
cognitive systems and achieves energy efficient spectrum
optimization under three constraints (on the total power,
the interference power, and the minimum system through-
put). The formulated optimization problem, which is also
nonconvex, is transformed to a one-dimension problem
that has a quasi-concave objective function. Zhong and
Wang [28] uses “rate per Joule” as the energy efficiency
metric, which stands for the number of information bits
that are successfully transmitted per Joule of energy over
a normalized bandwidth.

We consider network utility as sigmoid form, which is
more suitable for a practical network. Accordingly, we de-
fine energy efficiency as “utility per Joule”, to characterize
the trade-off between the utility and the energy consump-
tion. The formulated optimization problem is nonconvex
and has a large scale, which is difficult to solve. Previous
optimization works usually try to transform nonconvex
problems to convex ones based on some assumptions or
try to get suboptimal solutions. In this paper, we develop
power allocation algorithms based on an improved CCPSO.
We solve the difficult large-scale optimization problem
directly, without any assumptions or transforms. In this
paper, chaos technique is combined into PSO, whose
randomizing and erogeneity characteristics can help avoid
being trapped into local optimal points. Coevolution idea
is used as well to PSO, to exploit its nice feature in dealing
with large scale problems. The proposed algorithm has two
populations, and we solve the problem by using max-min
approach. Simulation results show that the proposed algo-
rithm can solve the large scale nonconvex power allocation
problem effectively and efficiently. The chaotic initializa-
tion and search can help the algorithm jump out of local
optima and the divide-and-conquer strategy used in the
coevolution theory can help the algorithm avoid producing
infeasible solutions, the statistical test results reveal that
the proposed method outperforms other existing methods
and has stronger robustness than other methods.

3. System model and problem description
3.1. System model
As shown in Fig. 1, consider a CR network consisting of

N secondary users (SUs) as transmitters and one secondary
base station (BS) as the common secondary receiver. Here

uplink communication is considered (downlink communi-
cation can be treated similarly). The secondary transmit-
ters are allowed to use the licensed spectrum band of a
primary transceiver pair: a primary user (PU) as the trans-
mitter and a primary BS as the receiver. OFDM technology
is used in both secondary and primary transmissions. To
avoid degrading the transmission quality of primary users,
it is required that the interference from secondary trans-
mitters to the primary BS is below a threshold denoted I,

The licensed spectrum band is divided into K sub-
channels using OFDM [19]. For the wireless links (desired
communication links and interference links), block fading
model is assumed. In specific, for each wireless link over
each subchannel, its link gain is fixed for a time slot, and
changes independently in the next time slot. For each link,
the link gains over different subchannels are independent
from each other. In this paper, we consider power alloca-
tion of the secondary transmitters in each time slot.

For a specific time slot, denote P,’( as the transmit
power of SU i over subcarrier k(k=1,2,....K), and G}f(i =
1,2,...,N) as the link gain from SU i to the secondary BS.
Then the signal to interference ratio (SINR) for SU i’s com-
munication over subchannel k, denoted y,j, is given as

ii pi
R -
s Gl + 02

where o is the background noise.

i

Yk (1)

3.2. Utility function

For SU i's communication over subchannel k, next we
define a utility function denoted as U,i . The utility function
is expected to reflect the satisfaction level of the service
quality. In this paper, we adopt the sigmoidal form utility
introduced in [30], which means that the user is more and
more satisfied with the service as the quality improves.
The sigmoidal function can capture the value of the service
to the user quite naturally, and be defined as

; 1

1
T .
where q; is slope parameter (a large a; means that the ap-
plication has a soft quality-of-service requirement) and b;
is a shift parameter that is actually the required average
data rate of the application.

Targeting at higher utility function with less energy

consumption, we define an energy efficiency metric as the
ratio of the utility to the transmission power, given as

N
Y
==N =

i B+
where P, is static power consumption other than wireless
transmissions (for example, circuit power consumption). In

other words, the energy efficiency metric is actually “utility
per Joule”.

(3)

3.3. Constraints

Recall that over each subchannel, the interference re-
ceived by the primary BS from all secondary transmis-
sions should be bounded by a threshold I;;,. Denote Ggl(k =
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1,....K) as the link gain from the SU i to the primary BS.
Thus, the interference power constraint is given as

N
> GUP, < I (4)
i=1

It is also required that the total transmission power
over each subchannel is bounded by Pp.x. So we also have
a total transmit power constraint, given as

N

Zplifpmax- (5)

i=1
3.4. Problem description

In this work, we consider the maximal energy effi-
ciency, subject to the interference power constraint and
the total transmit power constraint. An optimization prob-

lem can be formulated as follows:
N oo
L. - Ut
maximize E = %
>ic1 B+ Fe

N
subject to Y "GP} < Iy
i1

N
i
Z P, < Prnax,
i=1

P > 0. (6)

For the objective function of problem (6), the following
theorem is in order.
iU
SOy
is given in (2), is a nonconvex function of P,i.

Theorem 1. The objective function E = where U,i

Proof. See Appendix. O

Theorem 1 indicates that problem (6) is nonconvex.
Since it is hard to transform the problem to a convex prob-
lem, we resort to PSO methods to solve it.

4. The proposed optimization algorithm
4.1. Standard particle swarm optimization

Similar to genetic algorithm (GA) [31,32] and differen-
tial evolution (DE) [33], PSO is a population-based opti-
mization method which was first proposed by Kennedy
and Eberhart [29]. The system is initialized with a popu-
lation of random solutions and it searches for optima by
updating generations. There are two learning processes in
the generation of PSO: cognitive learning process based
on individuals history, and social learning process based
on a swarm’s history accumulated by sharing information
among all the particles in the swarm. Particles fly around
in multidimensional search space.

During flight, each particle adjusts its position accord-
ing to its own experience and the experience of neighbor-
ing particles, making use of the best position encountered
by itself and its neighbors. The direction of movement of
a particle is defined by the set of particles in the target

particle’s vicinity and the target particle’s history experi-
ence. Each particle keeps track of its coordinates in the
problem space, which are associated with the best solu-
tion achieved so far, denoted as pbest. Another best value
tracked by the global version of the optimizer is the overall
best value, and its location, obtained so far by any particle
in the population, denoted as gbest. At each time step, the
particle swarm optimization consists of velocity changes of
each particle toward pbest and gbest locations. Acceleration
is weighted by a random term, which separates random
numbers being generated for acceleration toward pbest and
gbest locations.

The ath particle’s coordinates (position) is denoted as
Xa= (Xg1, .- Xgq).d=1,2,...,D, where D is the dimen-
sion of the optimal solution, and V; = (vgq, ..., Vyq) denotes
the corresponding flight speed (velocity). Let pbest; =
(xé’f“’“,...,xgge“) and ghest = (X&', . . x"%") be the best
position of individual a and its neighbors’ best position so
far, respectively. Using the information, the updated veloc-
ity of individual a is modified under the following equation
in PSO:

VI = wV! 4 cq (pbestt — XE) + ¢y (gbest' — XY) )

X =X+ Vvt (8)

where t is the iteration number, ¢; and c, are constants,
which represent the weighting of the stochastic accelera-
tion terms that pull each particle toward pbest and gbest
positions, and w is the inertia weight parameter.

PSO is very efficient in solving complex optimization
problems. But it is easy to fall into local optimal solutions.
Then the inertia weight parameter is adjusted and chaos
theory is combined to PSO.

4.2. Adaptive inertia weight factor(AIWF)

It is clear that Eq. (7) represents the influence of pre-
vious velocity, which provides the necessary momentum
for particles to roam across the search space. The inertia
weight w is the modulus that controls the impact of pre-
vious velocity on the current one. So, the balance between
exploration and exploitation in PSO is dictated by the value
of w. Shi and Eberhart in [34,35] made a significant im-
provement in the performance of the PSO with a linearly
varying inertia weight over the generations. w varies adap-
tively in response to the objective values of the particles.
In particular, AIWF is determined as follows.

_ {a)mm + (CUmax}i)’;nﬁ]j)}:i_ﬁnin) f< favgw ©)

Wmax otherwise,

where wmagx and wp;, denote the maximum and mini-
mum of w, respectively, f is the current objective value
of the particle, and faqg and f;, are the average and
minimum objective values of all particles, respectively.
Under the guidance of Eq. (9), w varies depending on the
objective value of the particle so that particles with low
objective values can be protected. AIWF provides a good
way to maintain population diversity and to sustain fast
convergence.
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4.3. Chaos

Chaos theory demonstrates sensitive dependence on
initial conditions and also includes infinite unstable peri-
odic motions. Due to non-repetitive nature of chaos, it can
carry out overall searches at higher speeds than stochas-
tic esodic searches. The combination of optimization meth-
ods and chaotic systems is an important issue in non-linear
science. Here, logistic equation is employed to obtain chaos
queues, denoted as zq, zy, ..., as follows:

Zni1 = mzn(1—25),n=0,1,2,... (10)

in which 0 < zy < 1, and p is the control parameter. When
=4, the system of (9) has been proved to be entirely
chaotic.
The essential procedure of chaotic particle swarm opti-
mization (CPSO) is as follows:
Step 1: Chaos initialization for particle.
Step 2: Evaluate the fitness function of each particle.
Step 3: Update each particle’s velocity and position.
Step 4: Optimize the global best value by chaos search.
Step 5: If the stopping criteria satisfied, then output the
optimum solution, otherwise, loop to Step 2.

4.4. The large scale optimal algorithm using coevolution
chaotic particle swarm optimization (CCPSO)

Since the large scale and nonconvex nature makes our
formulated problem very complex, cooperative coevolu-
tion is applied, which has been proposed as a promising
framework for tackling large scale optimization problems
[36,37]. It can be regarded as an automatic approach to im-
plement the divide-and-conquer strategy. The detailed pro-
cedure of the proposed coevolution chaotic particle swarm
optimization (CCPSO) is as follows.

Particles’ positions within the population in the CCPSO
represent the candidate solutions for solving the control
problem. That’s to say, the procedure of particle searching
for the best position is to search for the power of prob-
lem (6). The CCPSO runs at the secondary base station
in the SU network, which is a centralized one. The sec-
ondary base station collects the necessary powers’ infor-
mation from the secondary uses and updates the memory
to perform the calculation, and then broadcasts the solu-
tion to the secondary users.

The objective is to maximize aggregate source net util-
ity per power consumption subject to the constraints in
CR networks. Constraints are handled based on the penalty
functions in the search space [38].

N
L(P}, i, ki vi) = E + (i (Pnax — BY) + ki | P =" GY'P}
=1

V(T — ) + Gy (11)

where w;, k; and y; are the Lagrange multipliers for the
constraints. Since the optimization problem is nonconvex,
G(P,i) is the penalty term added to the Lagrangian, which
can assure the max-min problem and the original problem
to be equal [38].

The optimization problem in CR is now in the form of
augmented lagrangian. Therefore, the problem is solved by

using max-min approach. Two populations of PSO are in-
cluded in the CCPSO. In the first PSO, the variable is P,:
and p;, k; and y; are set to be constant. The fitness de-
fines how well the position vector of each particle satisfies
the requirements of the optimization problem. The fitness
function for Pli is represented as

Fi(B)) = max(L(P,, . ki, ¥i)).

And in the second PSO, P,i is set to be constant, while
i, ki and y; are all set to be variables. The fitness function
for w;, k; and y; is given as

(12)

B (i, ki, i) = min(L(PL, i, ki, Y1) (13)

The cooperation among particles is established through
the “history” pbest, and gbest, which are updated if better
fitness is obtained. The general procedure of CCPSO algo-
rithm can now be described by the following pseudocode:

Procedure of CCPSO

1: Initialization of two PSOs
2: Run the first PSO for generation 1
Re-evaluate the pbest, values for the second PSO if it is
not in the first cycle
Run the second PSO for generation 2
Re-evaluate the pbest, values for the first PSO
If the termination condition is not met, go to Step 2;
Otherwise, output gbest.
End procedure

w

[y o

And the detailed improved PSO procedure is as follows.

Step 1: Chaos initialization is adopted to locate the
positions of particles and to increase the diversity of the
population and the ergodicity in the course of searching
without changing the randomicity of algorithm when
initializing the particles. Some initial population with good
performances is chosen from the initial group with a large
number of population. Initialize a vector zy, z, ... each
component of which is set as a random value in the range
[0, 1], and generate chaos queues z, zy, ... ,Zq by the itera-
tion of logistic Eq. (10). Transfer the chaos queues into the
range of the parameters according to following equation:

X =5+ (ta — Sa)2, (14)

where [sq, tg] is the value range of each particle.

Step 2: Compute the fitness values of the vectors and
choose the best M solutions as the initial solutions of M
particles. Randomly initialize the velocity of M particles.

Step 3: Using the global best and the individual best
of each particle, each particle’s velocity and position are
updated according to Eq. (7).

Step 4: Evaluate the fitness of each particle and com-
pare the evaluated fitness value of each particle to its in-
dividual best pbest,. If pbest, is better than current value,
update pbest, as current position.

Step 5: If current value of the fitness function is bet-
ter than the global best ghest, update gbest as the current
position.

Step 6: Optimize gbest by chaos search. Firstly, scale
gbest into [0,1] according to

Xq = (Gbest — sq)/(ta — Sa) (15)
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Table 1

Parameters of PSO.
Algorithm  Parameter settings References
SA To =500°C, C=0.95T=9 [41]
GA CRA = 0.55, MR = 0.005, CO =0.35, MO=0.25 [32]
DE F=05CR=09 [33]
PSO ®w=057,¢c=0=2Vnx=4 [29]
CPSO w=0.9, ¢ =0 =2,VUnx =4 [39]
CCPSO : [0.4,09], ¢c1 =2 =2,Vmax = 4 -

and generate chaos queues x4 by iteration of logistic equa-
tion, then transfer the chaos queues into the optimization
variable gbest! according to the following equation

ghest' = sq + (tq — Sa)x!, (16)

based on which the solution set is obtained: gbest!. Com-
pute the fitness value of each feasible solution gbest! in the
problem space during chaotic search, and get the best so-
lution Pi*.

Step 7: When the constraints are violated, we pay an
extra charge proportional to the amount of violation with
the penalty value. And when the maximum iteration is
reached, then stop, we can get the global optimum Pli* that
are the solutions of the power allocation problem. Other-
wise, loop to Step 3.

5. Numerical results

In this section, we present numerical results for the
proposed power allocation algorithm in a network as
shown in Fig. 1. The purpose of the simulations is to show
that CCPSO can solve the large scale nonconvex optimiza-
tion problem. The total number of secondary users N is
set to 200. Without loss of generality, 100 tested users
are randomly selected for the simulations by 20 times. Ac-
cordingly, the numerical results are averaging results, and
the number of the decision variables for the optimization
problem is 100. Packet size is 1000 bytes and nodes are
equipped with a single transmitter/receiver, which has a
radio range of 500 m. An area of size 1000m x 1000 m is
considered. The maximum total transmit power is set as
Prnax = 800 mW. The background noise is set as 02 =5 x
10~13dB. No forward error correction is considered. The
link gains follow the path loss model: G;; = K/d3, and Go; =
K/dgl., where d;; and dy; are the distance from SU i to the
secondary BS and primary BS, respectively, o is a path loss
exponent and set as 4, and K = 0.097. The performance of
the proposed algorithm is compared with simulated an-
nealing (SA) [40,41], genetic algorithms (GA) [32], differ-
ential evolution (DE) [33], the standard PSO [29] and CPSO
[39]. All empirical experiments are conducted with a popu-
lation of 50, except for SA. The parameters of all the meth-
ods are all selected optimally in the simulations in Table 1
as selected in corresponding reference For SA method, Ty,
C and I are the initial temperature, cooling rate and stop-
ping parameter, respectively. For GA method, CRA, MR, CO
and MO are the crossover rate, mutation rate, crossover op-
erator, and mutation operator, respectively. For DE method,
F is the weighting factor and CR is the crossover constant.
Simulations were implemented on a PC with Intel Core™

i7-5820 CPU and memory capacity of 16G(8G*2) running
Matlab 7.12.0.

5.1. Performance comparisons

5.1.1. Convergence comparisons
In this example, the performance of the proposed algo-
rithm is compared with those of CPSO and PSO. The utility

function is considered as U}, = 1( ) which is more
@ (yib;
1+e 17k

reasonable for real networks. In this case, the maximum
number of iterations of the algorithms is set to be 1000. N
is set to be 100, so the energy consumption is fixed with
the fixed number of N. Fig. 2 shows the average conver-
@ence of the best individuals of each iteration for the sys-
tem with different methods, where the system parameters
a; is varied and b; is fixed. In this case from the figure
we can find that the proposed algorithm based on CCPSO
converges less than 100 iterations. Compared to CPSO pro-
posed in [39], which just uses the logistic mapping, the
proposed algorithm in this paper can get better perfor-
mance. It is because of the coevolutionary theory, which
is more suitable for the large-scale-global characteristic of
the problem. And the system is more stable when the pa-
rameter a; is large with fixed b;. Fig. 3 shows the conver-
gence of the system with fixed g; and varying b;, and in
this case a large b; corresponds to a high total utility. As
seen from Figs. 2 and 3, we can see that the parameters g;
and b; can be used to tune the steepness and the center of
the utility, respectively. And the proposed approach based
on CCPSO shows better performance in the process of the
algorithm and has faster convergence speed than other
approaches.

In order to verify the trade-off of utility vs energy. In
this case, the energy efficiency with the increase of the
value of N is given in Fig. 4. The utility function is con-

sidered as Ul = ——1— with a = 5, b = 20. It is ob-
Te i b0

served that energy efficiency initially increases due to the
node number increases. This is because that the utility of
the system increases relatively higher than the consump-
tion of power increases. It indicates a trade-off between
system utility and total energy consumption. From the fig-
ure, we can find that N is found to be 80 that identifies
the minimum energy consumption and the maximum util-
ity function.

5.1.2. Performance comparisons with different methods
Tables 2-5 list the best, worst, mean value of the op-

timal energy efficiency solved by GA, SA, DE, PSO, CPSO

and CCPSO in the 1000 runs with different a and b with
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Fig. 2. Energy efficiency with varying a and fixed b when (a)a=1,b=1(b)a=20,b =1
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Fig. 3. Energy efficiency with varying b and fixed a when (a) a =5,b =1 (b)a =5, b = 20.

Table 2

Energy efficiency when a =1,b =1 with fixed b.

Algorithms  Best Worst Average  SD Average CPU time (s)
SA 1.9699 11084 1.502 0.1694 10.04
GA 2.1014 1.209 1.6568 0.1911 10.69
DE 5.6148  4.8811 5.0426 0.0694  11.46
PSO 2.3611 13408  1.8961 0.1999 7.24
CPSO 7.045 74876 71092 0.0102 10.36
CCPSO 7.8652  7.8652  7.8652 0 12.47
Table 3
Energy efficiency when a = 20, b = 1 with fixed b.
Algorithms Best Worst Average SD Average CPU time (s)
SA 12.3072 9.7767 10.8538  0.4630 2232
GA 16.4327 10.6643 11.9427 05495  23.65
DE 22.3606 19.3033 21.0428  0.5665 26.74
PSO 17.5826 11.9132 13.3112 0.6009  16.53
CPSO 24.5542  22.323 23.394 0.4604  22.46
CCPSO 27.6501 27.3951 274776 0.0355  29.38

N =100. In order to verify the statistical performance of
the proposed algorithm, we also give the standard devia-
tion (SD) in the tables. It can be seen that the CCPSO algo-
rithm can provide better “Best”, “Worst”,“Mean”, “SD” and
”Average CPU time” results for the test functions. SD means
the volatility of the data, from the tables we can see that

some SD of the proposed algorithm are 0, which shows
that the proposed algorithm is more stable. Because the
coevolution theory solve the proposed large and complex
problem using a divide-and-conquer strategy, which avoids
producing infeasible solutions, so these statistical test re-
sults reveal that the proposed method outperforms other
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Table 4

Energy efficiency when a =5,b =1 with fixed a.

Algorithms ~ Best Worst Average  SD Average CPU time (s)
SA 25152 19473 23087  0.0888 634
GA 31082 23675 26652 01280  7.02
DE 41462 40615 41028 0.0178  8.64
PSO 36724 25032 29659 01989 519
CPSO 4654 4112 42978 02821  6.89
CCPSO 57209 57143  5.7189 0.0009  9.65
Table 5
Energy efficiency when a =5, b = 20 with fixed a.
Algorithms Best Worst Average SD Average CPU time (s)
SA 18.6461  10.9909 132166 09567  23.98
GA 23,6888  14.0908 18.6109  1.9430  24.66
DE 320232 28.7112 31.0655 04117  33.04
PSO 291253 17.2218 222320 1.0890  22.07
CPSO 39.099 37.20878  38.627 0.4694 2447
CCPSO 41.0927  41.0927 410927 0 35.68
45 T T T T
o o 35 p‘opula'tion‘.sizeZSO -
2 2 30 population size=160 -
2 2 population size=20 -
& 2 25 e e oo -
[sa] 5]
> > 20
20 20
I 10
| 5 |
0 L L [ 0 | | | |
0 20 40 60 80 100 120 140 0 200 400 600 800 1000
Node Number Iteration Number
Fig. 4. Energy efficiency with the increase of node number. Fig. 5. Effect of population size.
existing methods and has stronger robustness than other 120 T T — T
methods. Since the proposed algorithm is a dual-swarm ‘ ‘ ‘ ‘ : ’
one, the convergence time of the proposed algorithm is 2
more than the other algorithms, but the results are com- S
parable. The chaotic initialization and search have strong §
ability to jump out of local optima, which can help the al- £
gorithm reduce the search time. g
g
=}
~ :
5.2. Influence of population size §
0 [ I I I M
The population size is an important factor which influ- 10 20 30 40 50 60 70 80
ences the performance of the stochastic search algorithm. Node Number
Too small population may not be able to reach the max-
imum value and achieve an optimum, while too large Fig. 6. The relationship between the population size and the number of
nodes.

population makes the proposed algorithm slow and com-
putationally inefficient. Tests are carried out for population
of 20, 80, and 160. We consider the utility function in the
case of a =5, b = 20. As shown from Fig. 5, we can see that
the convergence to the optimum is hardly achieved for the
proposed optimization algorithm when the population is
set as 20, and the convergence speed is slower when the
population is set as 160. The size 80 is found to be optimal.

And the relationship between the number of nodes
and particles is studied in this case. As shown from Fig. 6,
when the number of nodes varies from 10 to 100, the
number of particles needs to increase from 40 to 120.
This is because when the network is in a large scale,
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the particles need to be vectors with higher dimensions, (P' f) _yi
which leads to a larger search space. ELE _ 3”' k (18)
3Pli (PI c)2
6. Conclusion
W, 9 Iy (pi + &) _yi
In this paper, a new metric that reflects the trade-off _ 0oy op vk N k (19)
between the utility and energy consumption is defined in (P' c)2
CR networks. Since the optimization problem is a large
scale and nonconvex one, our proposed algorithm exploits 1 a,Q Gi A
the coevolutionary and chaotic ideas for the dynamic = P2 1 Q)2 E_#icijpj_‘_oz <Pk+ N) “11q (20)
power allocation problem in CR networks. Strict assump- : Kk
tions such as continuity, differentiability, and convexity 5
of the objective function are not necessary. The formu- 9 E = i Bi (21)
(F)* IR\ 9P,
. 2 .
(55 B+ B) - U) (R + %) =2 L+ B~ U (Pl + ) -
= 4
(P +7)
P i | R\|_aQ G i B 1
(5t (R §)’ =2+ )| %8 5 e (P ) - 1 )3
= ey (23)
aiQ Gy A Gy i | P 1
B ((1+Q)2 zj#i(;;;j’;a’iﬁ,z)(ljk + W) -2 Pl [ G”P‘+(r2 (Pli + N) - m] (24)
) (Pe+ f)4
a?Q(Q-1) Gy ) i . k)| _aQ G i R 1
(1+Q)? (2#,6;3’1;,{”2) (Pl 7) N Z(Pl + 7)[(1+Q)2 2j¢,vc;jllc°,{+a2 (P’i + N) N m]
= (pz c )4 (25)
N 2
a?QQ-1) Gi i P2 2a,Q 2
_ o (E#,»cij’l’kwa) (Pt §)° ~ dxor s c”maz( )+ i (26)
(Ri+ )’
lated optimization problem is solved by using max-min
approach, where two populations of PSO are included. The a2Q(Q -1) Gii 2 P2
performance of the proposed algorithm is compared with ! 1 3 ( o] 2) (P,: + NC)
those of related methods in the literature. It is observed 1+Q) XjsGh +o
that the proposed algorithm is indeed capable of quickly 2a;Q G;{l ;P 2
achieving energy-efficient solutions. Future research topics - A+Q2y. Gip B ( e+ N) + 110 =0 (27)
may include dynamic PSO algorithms for cooperative CR bl T O
networks in which one SU may help relay other SUs’ signal We set
to the secondary BS such that cooperative diversity can be ) i 2 )
achieved. Then each SU may need to distribute its power Q@ -1) ,(.;". (Pi n &) —a (28)
budget in transmitting its own signal and in relaying other (1+Q)3 z j#iG;jP,j +02 KN
SUs’ signals. The problem is much more complex, and B
deserves further investigation. 2a;Q Gy pi N b 29
1 5 Toi o\t ) = (29)
( +Q) Ebﬂ'G,PI +0
Appendix. Proof of Theorem 1 oK
2
i70° (30)
Proof. We use proof by contradiction. Suppose that E = +Q
N i .
%";PU’I‘ is a convex function of P!, then Then
it PI’<+PC k 5 Gﬁ 2
0%E b? - 4ac = ( 1 aa 2 ijkj z)
and Eq. (17) is a necessary condition. For convenience, we 8 aQ@Q-1) ]< G;cl ) (31)
set e~4 =P a5 Q, thus: 1+Q (1+Q)° X 4GP + 02
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-[( 20,0 Y’ 8 @QQ-1) Gi ’
N+ Q?/ 1+4Q (1+Q)° [\ TGP 402

(32)

(33)

4aQ2-0Q) Gi ’
- (0+Q* \2.60P +o?

When Q > 2, b? — 4ac < 0; when Q < 2, b? — 4ac > 0,

. 2 .
which cannot assurance that (?piE)Z <0. So E is a noncon-
C
k

vex function. O
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