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Abstract

In the spectrum allocation of cognitive radio (CR) network, the

problems of local optimum and premature convergence remain chal-

lenging. To further improve the efficiency of the spectrum allocation,

this paper proposes a novel method based on an improved quantum

genetic algorithm. This is an algorithm that is designed to dynami-

cally adjust the quantum rotation angle to speed up the convergence

rate. In particular, the variation threshold was introduced to the

mutation operation on chromosomes, establishing new interference

constraint rules in the process of spectrum allocation. The simula-

tion work was implemented for validation, and the results revealed

that the proposed methodology achieved better average benefits of

the CR network for a reasonable allocation of the spectrum.
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1. Introduction

In recent year, wireless network technologies have been
widely applied in the fields of industrial automation [1],
smart power grid [2], robots control [3], unmanned aerial
vehicle (UAV) infrastructure [4], etc. [5]. Although they
are characterized by impressive cost-effective energy con-
sumption, high flexibility, and strong expansibility, the
increased demand for wireless communication brought out
new problems, where the spectrum resource scarcity is
highlighted [6]. Mitola [7] creatively proposed the concept
of cognitive radio (CR) on the basis of software radio to
effectively solve the problems of scarce spectrum resource
and low spectrum. CR is powerful to detect the spec-
trum state in real time without affecting the primary users.
Particularly, it is quite helpful in redistributing the idle
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spectrum as needed by cognitive users to hit a higher ef-
fective rate. At present, the dynamic spectrum allocation
technology [8] in this regard has become one of the re-
search highlights as it works well in solving the problem of
spectrum scarcity in a way of better utilizing the spectrum
resource.

The constant transformation of spectrum information
makes it necessary to take care of the efficiency of allo-
cation algorithm. The current algorithms mainly involve
graph colouring, game theory, and auction bidding. Among
them, the graph-colouring theory proposed by Driouch
et al. [9] has been widely used for the spectrum alloca-
tion, but still it is facing some problems such as uneven
distribution and massive time overhead. Xiao et al. [10]
proposed an interference alignment algorithm based on the
game theory, which may eliminate the interference between
primary users and secondary users and the interference
among secondary users. Though this approach effectively
improves the transmission rate, it is likely to be trapped
in the local optimum. Sengupta et al. [11] proposed a
dynamic spectrum allocation algorithm based on a bidding
model, which availably increased the probability of success-
ful bidding for cognitive users, but this merit is offset by its
lower distribution efficiency and larger time overhead. The
intelligent optimization algorithm, as a current research
highlight, has been widely used in the spectrum allocation
of CR [12] [13]. A spectrum allocation algorithm based
on the genetic particle swarm is proposed [14] as it pre-
vents the algorithm from being premature by introducing
the particle swarm reconstruction mutation operator with
better performance in terms of network and convergence.
Nonetheless, being trapped in the local optimum is likely
to occur. In [15], a unique spectrum allocation algorithm
based on quantum genetic algorithm (QGA) is proposed.
This algorithm is doing better to obtain optimal solution
and convergence speed than the genetic algorithm (GA),
which cannot avoid falling into local optimization in the
iterative process. In [16], another concept is derived from
a QGA based on simulated annealing. As an operator, the
combination of simulated annealing algorithm and QGA
may overcome the precocity convergence problem easily
produced thereby and benefit from the two algorithms
complementing each other. In [17], the CR spectrum was
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allocated with the help of the improved QGA (IQGA). By
establishing an interference constraint matrix, the fairness
between cognitive users and the efficiency of the network
system were effectively enhanced.

To tackle the problem of slow convergence speed and
local optimum, this paper proposes a new kind of algorithm
that has incorporated the IQGA based on the colouring
spectrum allocation model of graph theory. The algorithm
not only effectively solves the problems that may be found
in the conventional QGAs, but also it improves the average
benefits of the network to achieve a reasonable allocation
of spectrum.

The rest of this paper is organized as follows: related
work is introduced in Section 1, and the spectrum alloca-
tion model is presented in Section 2. The spectrum alloca-
tion from the IQGA is described in Section 3. In Section 4,
IQGA convergence analysis is given. Modelling results
are discussed in Section 5 and this work is summarized in
Section 6.

2. Spectrum Allocation Model

Using the graph-colouring model, the spectrum allocation
problem [18] in this paper is presented by different matrices,
including spectrum matrix A, utility matrix B, interfer-
ence constraint matrix C, and interference-free allocation
matrix F . The number of cognitive users of the network
system in the paper is set as N , and that of authorized
users and channels as M . In practical application, the time
for cognitive wireless network to carry out spectrum alloca-
tion may be very short compared with the time of spectrum
environment change. It is assumed that users’ geographic
location and available spectrum resources are static, that
is matrices A, B, and C remain unchanged within one dis-
tribution cycle [15]. The specific definitions are as follows:
1. Available spectrum matrix A

A = {an,m ∈ {0, 1}}N×M (1)

where an,m =1 indicates that cognitive user n is al-
lowed to use channel m; and an,m =0 means that the
use of channel m is not allowed.

2. Interference constraint matrix C

C = {cn,k,m|cn,k,m ∈ {0, 1}}N×N×M (2)

It is a three-dimensional matrix. When channel m is
being used by cognitive users n and k at the same time,
and the channel is interfered, then cn,k,m =1; if there
is no interference in this case, then cn,k,m =0. When
n = k and cn,k,m =1− an,m, then the interference
constraint matrix C is only determined by the available
spectrum matrix A.

3. Utility matrix B

B = {bn,m|bn,m > 0}N×M (3)

bn,m = Wm log2

(
1 +

pn,mhn,m

n0

)
≥ bthn,m (4)

where B represents the throughput capacity obtained
when cognitive user n uses channel m. When bn,m =α,

it indicates the gain obtained by cognitive user n us-
ing the channel m is α; when bn,m =0, it indicates
that cognitive user n is not allowed to use channel
m. Where Wm is the bandwidth of channel m,pn,m
is the power used for transmission when user n occu-
pies channel m, so the power matrix is represented by
P , P = {pn,m|pn,m ∈ [0, pthn ]}, and∑M

m=1 pn,m ≤ pmax
n ,

hn,m is the fading of the channel when user n transmits
through channel m, hn,m = d−γ

n,t |hn,t|, where dn,t repre-
sents the physical distance between user n and termi-
nal node t. γ shows the path fading coefficient, hn,t is
the Rayleigh fading and represented by the zero-mean
Gaussian model, that is hn,t ∼CN(0, 1). bthn,m denotes
the minimum transmission rate required for user n.

4. Interference-free distribution matrix F

F = {fn,m|fn,m ∈ {0, 1}, fn,m ≤ an,m}N×M (5)

When fn,m =1, it indicates that channel m is assigned
to user n; otherwise, fn,m =0. The interference-free allo-
cation matrix F is required to satisfy the interference-free
restriction condition:

fn,m + fk,m ≤ 1, ifcn,k,m = 1,

∀0 < n, k < N, 0 < m < M (6)

By defining an interference-free allocation matrix,
the gain obtained by a single cognitive user n is de-
fined as rn =

∑M
m=1 fn,m · bn,m, aiming to guarantee the

transmission quality of users. Let rn ≥ rthn , then the
gains of all cognitive users form a matrix R= {rn =∑M

m=1 fn,m · bn,m}N×1. If all interference-free spectrum
allocation sets are defined as Λ(A,C)N×M and the paper
may use the average network efficiency U(R) as an objec-
tive function, it can be expressed by the following formula:

U(R) =
1

N

N∑
n=1

M∑
m=1

fn,m · bn,m (7)

At the same time, the time overhead indicator was
also introduced to evaluate the spectrum allocation perfor-
mance to further verify the performance of the proposed
algorithm. By defining t as the time cost for each cycle,
the total time overhead of the algorithm was equal to the
number of cycles multiplied by t. The number of cycles was
equal to the matrix norm ‖A‖m1 of the matrix F . Here T
is the total time overhead of the algorithm.⎧⎪⎨

⎪⎩
LOOP = ‖F‖m1 =

N∑
n=1

M∑
m=1

fn,m

T = t× LOOP

(8)

Therefore, the spectrum allocation problem in this
work was described as the following optimization problem:

(F ∗, P ∗) = arg
F∈Λ(A,C)

maxU(R)

T ∗ = minT

s.t

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

A = {an,m ∈ {0, 1}}N×M

C = {cn,k,m|cn,k,m ∈ {0, 1}}N×N×M

F = {fn,m|fn,m ∈ {0, 1}, fn,m ≤ an,m}N×M∑M
m=1 pn,m ≤ pmax

n , rn ≥ rthn

(9)
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3. Spectrum Allocation of the Improved Quantum
Genetic Algorithm

Currently, the QGA works better than the classical GA
[19] in terms of the distribution effect on the spectrum
allocation, yet still facing problems in terms of premature
convergence and being trapped in the local optimum [20].
Therefore, it is an urgent need to explore some sort of
global optimization algorithm with more ergodic proper-
ties. Improvements from the following aspects are mainly
focused in the paper. First, the quantum rotation angle is
adjusted dynamically to speed up the convergence of the
algorithm. Then, the variation threshold is set to measure
the chromosomal variation, making it possible that new in-
terference constraint rules are established in the spectrum
allocation process.

3.1 Chromosome Initialization

For most of the conventional QGAs, a fixed coding system
may be taken to initialize the chromosomes, leaving the
population obtained to be too single. For this reason, this
work introduced the chaos optimization algorithm for the
population initialization, which shows better property than
the random search and is more capable of finding out the
locally optimal solution [18].

3.2 Chromosomal Measurement

The chromosomes of the population Q(g) were measured
to obtain a set of states V (g)= {vg1 , vg2 , . . . , vgs}. The qubit
of each chromosome was changed from the superposition
states of |0> and |1> to the binary solutions correspond-
ing to the objective function. The value of j in vgi was
determined by αg

ij (j = 1, 2, . . . , l) of qgi , with the specific
formula as follows [21]:

vgij =

⎧⎪⎨
⎪⎩

0,
∣∣αg

ij

∣∣2 > rand(0, 1)

1,
∣∣αg

ij

∣∣2 ≤ rand(0, 1)

(10)

3.3 Dynamic Adjustment of the QuantumRotation
Angle

In the QGA, the quantum rotation gate operation was
used to update the gene qubit of quantum chromosomes.
The purpose of the rotation gate was to obtain the optimal
solution by increasing the probability that each qubit on
the chromosome may be converged to 0 or 1. The quantum
rotation gate is expressed as

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

G(θ) =

⎡
⎣ cos(θ) − sin(θ)

sin(θ) cos(θ)

⎤
⎦

θ = Δθ · S
(11)

where G(θ) is the quantum rotation gate, θ is the quantum
rotation angle, Δθ is the size of the rotation angle, and S
is the direction of the angle rotation.

If the jth quantum chromosome gene in chromosome
i is [αij , βij ]

T , and it mutates to [α′
ij β′

ij ]
T after the

quantum rotation gate operation, then the update process
is given as

[α′
ij , β′

ij ]
T = G(θij)[αij , βij ]

T (12)

The chromosome renewal for the conventional QGA
was achieved through the quantum rotation angle θ with
the determined size and direction. The algorithm is likely
to be trapped in the local optimum when the selected
amplitude is too large, whereas the convergence speed
slows down when the selected amplitude is too small.
Therefore, under a variable step search strategy, the size of
the rotation angle was measured by obtaining the Hamming
distance. The distance determined made it possible for the
rotation angle to be adjusted in an adaptive manner [22].
The specific formula of the rotation angle is as follows:

⎧⎨
⎩ θ = θmin + k(θmax − θmin)

k = H(D,Z)/l
(13)

where D is the binary solution of the individual to be
evolved, Z is the binary solution of the best individual,
l is the length of the chromosome, k is the coefficient of
adjustment of rotation angle θ, H (D, Z) represents the
Hamming distance between individuals D and Z, and θmin

is the shortest quantum rotation angle valued as 0.005π,
and θmax is the maximum quantum rotation angle valued
as 0.1π [23].

From (13), it is concluded that the current individual
has a lower fitness degree, and the corresponding quantum
rotation angle is smaller when there is a shorter Hamming
distance between the current and the optimal individuals.
Consequently, the search range was reduced to get the local
search, which improved the algorithm search accuracy and
convergence speed. Furthermore, the search scope was
expanded to achieve the universal search, which ultimately
speeded up the search process of the algorithm.

3.4 Variation Threshold Setting

Regarding the conventional QGA, individuals are selected
with a certain probability with a certain degree of blind-
ness. The variation threshold is then set to determine
whether the current chromosome needs to be mutated in
this work, so as to effectively avoid the blindness of the
conventional mutation operation in the process of indi-
vidual mutation [21]. The variation threshold conditions
were set as follows: (1) the Hamming distance between
the binary solution vi of the current chromosome and the
binary solution vb of the optimal chromosome was shorter
than 0.5l; (2) (fb − fi)/fb ≤ 0.1, where fi and fb were the
fitness values of the current chromosome i and the opti-
mal chromosome, respectively. The current chromosome
i was subjected to the mutation processing when the two
above-mentioned conditions were satisfied.

454



3.5 New Interference Constraint Rules

The ownership of channel m was determined according to
the following formula when cognitive users n and k used
channel m simultaneously, and cn,k,m =1 in the spectrum
allocation process [24], [25]:

cn,k,m = 1

⎧⎨
⎩ if rand ≥ 0.5 and an,m = 1

if rand < 0.5 and ak,m = 1
(14)

where rand is the random number between [0,1], an,m =1
means that cognitive user n may use channel m, ak,m =1
means that cognitive user k may use channel m, and
cn,k,m =1 means that cognitive users n and k may not use
channel m simultaneously. From (14), when two cognitive
users competed for the same channel, the algorithm deter-
mined the ownership of the channel by the random number
rand. The interference constraint achieved through the
above equation came along with some blindness, being un-
favourable to the improvement of network efficiency and
the fairness among cognitive users.

For this reason, a new interference constraint rule was
designed in this paper: when the cognitive users n and k
were interfered at the channel m and the system did not
know how to allocate channel, the ownership of the channel
may be determined by calculating the degree of the demand
for the channel m of the two users. In this work, the degree
of the user’s demand for the channel was jointly determined
from two aspects. The first one was the revenue of user from
the channel, that is the throughput capacity utility. The
second one was the number of channels already occupied
by user. The purpose was to ensure the equalization of
channel allocation.

As mentioned above, let us first use u to represent the
cognitive user who wanted to compete the ownership of
channel m, where u belonged to the set Φ. Then, from
(4), we used the throughput capacity bu,m to denote the
revenue of user u. Finally, it is assumed that the number
of channels occupied by the user u was su. Therefore,
the current degree of the user’s demand for the channel m
(Xu,m) can be expressed as

Xu,m = wb,u
bu,m∑

u∈Φ
bu,m

+ ws,u
su
N

(15)

where wb,u, ws,u represent the weight of throughput ca-
pacity and channel occupancy, respectively. The definition
of weight dynamically determined the degree of preference
between capacity and channel occupancy.

Consequently, the ownership of channel m was deter-
mined by comparing two users’ joint utility X. Let us take
the two cognitive users n and k as an example:

⎧⎨
⎩ an,m = 1, ak,m = 0, if an,m ≥ ak,m

an,m = 0, ak,m = 1, otherwise

3.6 Proposed Algorithm

Using U(R) as the fitness function, the steps to improve
the spectrum allocation algorithm of QGA are as follows:

1. Set the spectrum matrix A, the interference con-
straint matrix C, and the efficiency matrix B,
where A= {an,m ∈ {0, 1}}N×M , C = {cn,k,m|cn,k,m ∈
{0, 1}}N×N×M , B= {bn,m|bn,m > 0}N×M , and then
calculate the length of the chromosome l=∑N

n=1

∑M
m=1 ln,m. This was followed by recording the

subscripts n and m under the element 1 in A and
saving them in A1 = {(n,m)|an,m = 1} in a gradually
increasing manner;

2. Let g=0, initialize the encoding of chromosome
Q(g)= {qg1 , qg2 , . . . , qgs};

3. Measure Q(g) to obtain the measured value V (g)=
{vg1 , vg2 , . . . , vgs};

4. Map the jth bit of the measured value vgi (i=1, 2, . . . , s)
to fn,m, where (n,m) is the jth element (j=1, 2, . . . , l)
of L1, and for all m(0 ≤ m ≤ M), look for all cognitive
users n and k satisfying cn,k,m =1 in matrix C, and
check whether the two measured values F (n,m) and
F (k,m) in matrix F are both 1; if they were both 1,
the new interference constraint rule would be used for
processing. Or, proceed to the next step;

5. Calculate the fitness value of P (g) and store the indi-
vidual with the optimal P (g) fitness in B(g).

6. Add 1 to the evolutionary algebra, determine the
quantum rotation angle θ according to (13), up-
date the chromosome to obtain Q(g+1), and simul-
taneously measure V (g+1) to obtain the measured
value V (g+1)= {vg+1

1 , vg+1
2 , . . . , vg+1

s } then proceed
to step (4) for processing;

7. Calculate the fitness value of V (g+1) and store the
individual with the max fitness among V (g+1) into
B(g+1);

8. Determine whether the chromosome satisfied the vari-
ation threshold condition, and if it satisfied the varia-
tion threshold condition, mutate the chromosome; or
go to the next step;

9. Determine if the maximum evolution algebra was
reached, if so, terminate the procedure and output the
final results; or, skip to step (6) for processing.

4. IQGA Convergence Analysis

To prove the convergence of IQGA, definitions and lemmas
below were introduced [26], [27].

Definition 1. According to the definition of literature
[27], set ξn (n=1, 2, . . .) to be the random sequence
defined in probability space. If there is a random
variable ξ, set p{limn→∞ ξn = ξ}=1. Or if ∀ε> 0,

p
{⋂∞

n=1

⋃
k≥n [|ξk − ξ| ≥ ε]

}
=0, the random sequence

ξn (n = 1, 2, . . .) would be converged to random variable
ξ with probability as 1. Obviously, the convergence
with probability 1 was stronger than convergence per
probability.
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Definition 2. According to the definition of literature
[26], set a random variable f(qg)= maxqgi ∈Qg

{f(qtg)|
i=1, 2, . . . , s} = 1, which refers to the best fitness in
the gth population status Qg.f

∗ refers to the glob-
ally optimal solution. Then the algorithm was con-
verged to the globally optimal solution, only when
limg→∞ P{f(qg)= f∗}=1.

Lemma 1. According to literature [26], IQGA’s chro-
mosome sequence {Qg, g≥ 0} is a finite homogeneous
Markov chain.

Lemma 2. Borel–Cantelli (B–C), set ε1, ε2, . . . , εn as
the independent event sequence in probability space,
and p(εn) is the probability. Then we get the following
conclusion [27] :

∞∑
n=1

p(εn) < ∞, then
∞∑

n=1

p

( ∞⋂
n=1

∞⋃
k=n

εk

)
= 0 (16)

∞∑
n=1

p(εn) = ∞, then
∞∑

n=1

p

( ∞⋂
n=1

∞⋃
k=n

εk

)
= 1 (17)

According to the above two definitions and two lem-
mas, here it is to prove that after update and variation of
dynamic adjustment of quantum rotation angle operation,
the retained optimal individual IQGA may be converged
to the globally optimal solution with probability 1.

Demonstration: Set Qg = {qg1 , qg2 , . . . , qgs} to be the
population of generation g in IQGA, where s refers to
population size, qgi is the No. I quantum chromosome,
and v means the decimals. Then the state space size of
Qg is vns ⊂ Rn. Set the feasible region to be calculated
Ω = [a, b] = {Qg ⊆ vns|ai < Qg < bi, i = 1, 2, . . . , s} to
be the bounded closed set, and f(Q)is bounded con-
tinuous in Ω, so there is an optimal solution Q∗ in
f(Q). As to ∀Q∗ ⊆ Ω = {Q|f(Q) = max f(Q)}, when
∃ε > 0, Q ⊆ Ω ∩ {Q||Q−Q∗| < ε}, |f(Q)− f(Q∗)| < ε;
set D0 = {Q ⊆ Ω||f(Q)− f∗| < ε}, D1 = Ω/D0, I(Q

∗) =
{Q ⊆ vns||Q−Q∗| < ε}, then I(Q∗) ∩ Ω ⊆ D0; set pij
to be the probability when Qg is in status ai ∈ vns and
Qg+1 is in status aj ∈ vns. When i = 1, j = 0, Qg is in
status a1, then the probability is p10 when Qg+1 is in
status a0. When i = 1, j = 1, Qg is in status a1, then
the probability is p11 when Qg+1 is in status a1.

As qgi is any individual in Qg, after update and
variation of dynamic quantum rotation angle, the in-
dividual is got to be qgj . I(Q∗)∩Ω is the non-null-
bounded closed area, and Lebesgue measure is >0, then
0<p(qgi )< 1. While p(qgj ) was continuous in feasible

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

f1(x1, x2) = x2 · sin(2πx1) + x1 · cos(2πx2) (−2 ≤ xi ≤ 2, i = 1, 2)

f2(x1, x2) = 21.5 + x1 · sin(4πx1) + x2 · sin(20πx2) (−3 ≤ x1 ≤ 12.1, 4.1 ≤ x2 ≤ 5.8)

f3(x1, x2) = 0.3 · cos(3πx1) + 0.3 · cos(4πx2)− x2 − y2 − 0.3 (−10 ≤ xi ≤ 10, i = 1, 2)

(18)

region Ω and it is a bounded closed set, then ∃l⊆Ω.
Thus p(l)= max{p(qgi )|qgi ∈Ω}, and 0<p(l)< 1, therefore
p(l)≤ p(qgj ). This proved that after update and variance
of dynamic quantum rotation angle, the best individual
was retained, allowing the population constantly to evolve
along the optimum direction.

As the generation g+1 population relied on the pop-
ulation of generation g in terms of conditional probability,
the best individual in generation Qg+1 population was bet-
ter than that in Qg. Thus p10 =1, and p(l)≤ p(qgj )≤ p10.
From the characteristics of probability amplitude of quan-
tum bit, p10 + p11 =1, then p11 =1− p10 ≤ 1− p(l). If
c=1−p(l)< 1, p11 ≤ c< 1.

As to ∀ε> 0, pg = p{|f(Q∗
g)| ≥ ε}, f(Q∗

g) was the
local best individual in generation g population Qg,

then pg =

⎧⎨
⎩ 0 ∃k ∈ {0, 1, . . . , g}, Q∗

g(k) ∈ D0

p∗g ∀h ∈ {0, 1, . . . , g}, Q∗
g(h) ∈ D1

. In it

p∗g = p
{
Q∗

g(h)∈D1|h∈{0, 1, . . . , g}}. So p∗g = pg
11
≤ cg,

therefore
∑∞

g=0 p
∗
g ≤
∑∞

g=0 c
g. Conclusively, the power

series convergence theorem revealed that
∑∞

g=0 c
g was con-

verged to c/(1− c), so limg→∞
∑∞

g=0 p
∗
g ≤ limg→∞

∑∞
g=0

cg = (c/(1− c)) < 0.
The following can be inferred with B–C lemma:

p

{
∞⋂
g=1

⋃
h≥g

[∣∣f{Q∗
g(h)} − f∗∣∣ ≥ ε

]}
= 0.

Then it can be drawn with definition 1:
p
{
limg→∞ f{Q∗

g(h)}= f∗}=1, so the IQGA of the best
individual retained was converged to the globally optimal
solution with probability 1 after update and variance of
dynamic adjustment of quantum rotation angle operation.

5. Results and Analysis

In this section, the feasibility and effectiveness of the IQGA
will be first verified by selecting three continuous functions,
then the spectrum allocation performance of the improved
algorithm will be evaluated on account of the network
average efficiency and time overhead.

5.1 Test Functions and Result Analysis

To verify the optimization ability and convergence speed,
three typical complex continuous functions were selected
and compared with the conventional QGA and GA. About
10 times of numerical optimization were performed with
these three test functions to record the optimal value, aver-
age value, and average convergence algebra. Here the opti-
mal value and the average value were used to measure the
algorithm’s optimization ability, while the average conver-
gence algebra was used to measure the computational effi-
ciency of the algorithm. The target functions are as follows:
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Table 1
Data Comparison Table of Simulation

Average Convergence
Method Optimal Value Mean of Value Algebra

f1 QGA 3.7534 3.7121 137
GA 3.5506 3.5127 143

Proposed method 3.7563 3.7258 85

f2 QGA 38.8362 38.8176 139
GA 38.6303 38.6243 158

Proposed method 38.8503 38.8492 92

f3 QGA 0.2976 0.2965 162
GA 0.2937 0.2924 169

Proposed method 0.3 0.2995 112

Figure 1. Comparison of f1–f3 optimal search: (a) Test function 1; (b) Test function 2; and (c) Test function 3.

Parameter settings of the algorithm in this work: when
the population number was 30 and the chromosome length
was 40 (the number of chromosomal genes in each variable
was 20), the quantum rotation angle θ was determined by
(13), and the mutation probability determined in Section
3.4; QGA parameter settings: when the population number
was 30 and the chromosome length was 40, the quantum

rotation angle θ was 0.005π; parameter setting of GA algo-
rithm: when the population number was 30, by employing
the binary string encoding method, the crossover proba-
bility was obtained as 0.9 and the mutation probability as
0.05. The maximum evolution algebra of the three algo-
rithms was 200. The data of the simulation is shown in Ta-
ble 1, and the simulation curves are shown in Fig. 1(a)–(c).
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Table 1 shows that in terms of optimization ability,
the optimal solution of the algorithm in this work was
significantly higher than the other two algorithms. This re-
sult was accompanied by the average value of the searched
optimal solutions that also reached the largest value, indi-
cating that the proposed algorithm exhibited the highest
stability. In terms of convergence speed, the mean conver-
gence generations were also counted less than the numbers
of other two algorithms, indicating a higher convergence
rate. The simulation curves illustrate that the convergence
speed of the proposed methodology could be more power-
ful. Looking at the simulation curves of Fig. 1(a)–(c), the
convergence speed was much faster owing to the adaptive
rotation angle, so it could quickly locate near the optimal
solution in the early phase of the evolution algebra. This,
undoubtedly, took the chance to make it easier to get the
optimal solution. In summary, the proposed algorithm
performed well enough in universal search capability with
greater convergence speed than conventional methods.

5.2 Spectrum Allocation Results and Analysis

To verify the performance, the proposed algorithm was
compared with the Color Sensitive Graph Coloring
(CSGC), the Basic Quantum Genetic Algorithm (QGA),
and the Genetic Algorithm (GA). At the same time, the
indicators of network average efficiency and time overhead
were also taken in to evaluate the spectrum allocation
results of different algorithms. Specifically, the simulation
results were introduced into the spectrum matrix A, utility
matrix B, and interference constraint matrix C in the
experiment with reference to the pseudocodes provided in
[28]. In the same experiment, all different algorithms used
the same A, B, and C matrices. The result of each exper-
iment was average obtained by performing 40 algorithms
separately. Parameter settings: the population number of
all algorithms was 30, the evolution algebra 200, and the
parameter design of CSGC referred to [9], with the rest to
Section 5.1.

In the case where the number of primary users is
K =20, frequency b andM =10, and cognitive userN =20,
the curve of the network average efficiency with the number
of iterations is shown in Fig. 2. It can be seen from Fig.
2 that the proposed algorithm basically converges essen-
tially at the 60th iteration and QGA converges at the 80th
iteration. The difference is that converging action from
other algorithms basically occurred only after the 120th
iteration. During this process of verifying the convergence
performance of the algorithm, the network average effi-
ciency obtained by this algorithm was approximately 25%
higher than other algorithms.

Figure 3 shows the change curve of the network
average efficiency with the number of frequency bands
M in the case where the number of primary users is
K =20, and the number of cognitive users is N =20.
Please note that the average efficiency changed propor-
tionately with the number of the frequency bands M ,
and higher than other algorithms. This further validated
the effectiveness of this algorithm proposed for spectrum
allocation.

Figure 2. Comparison of network average benefit perfor-
mance of different algorithms.

Figure 3. A graph of network average revenue and channel
number of different algorithms.

Figure 4 shows the change curve of the network aver-
age efficiency with the number of cognitive users, where
the number of primary users is K =20, and the number
of frequency bands is M =15. As the number of cognitive
users increases, the average efficiency shows a decreasing
trend. The reason is as follows: as the cognitive users
increased, the competition between cognitive users became
more intense, and more interference occurred, so the aver-
age network efficiency decreased as the number of cognitive
users increased. It can be seen from the simulation results
that the performance of the proposed algorithm is signif-
icantly better than other algorithms, which is capable of
enhancing the utilization of spectrum resources.

Figure 5 shows the change curve of the network average
efficiency with the number of primary users, where the
number of cognitive users is N =20, and the number of
frequency bands is M =10. As the number of primary
users increases, the average efficiency shows a decreasing
trend. The reason is as follows: as the number of primary
users increased, the number of available frequency bands
decreased, and the cognitive users’ competition for the
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Figure 4. Graph of average network revenue and secondary
users of different algorithms.

Figure 5. A graph of the average network revenue and the
number of major users of different algorithms.

Figure 6. The curve of time overhead as the number of
iterations.

channel was increased. It can be seen from the simulation
results that the performance of the proposed algorithm is
obviously better than other algorithms, which can improve
the utilization of spectrum resources.

Figure 6 shows a variation of the time overhead of the
system with iteration times when the number of primary
users is K =20, frequency bands is M =5, and cognitive
users is N =20. It can be seen from Fig. 6 that as
the number of users increased, the time overhead also
increased, but the time overhead of the algorithm proposed
in this paper is much smaller than other algorithms. The
simulation results proved the efficiency of the algorithm.

6. Conclusion

Based on the analysis with the theoretical distribution
model of graph colouring, a QGA for improving the energy
efficiency of CR networks is proposed. First, the chaotic
search algorithm was introduced into the chromosome ini-
tialization phase to enhance the diversity of the initial pop-
ulation. Second, the method of dynamically adjusting the
quantum rotation angle accelerated the convergence speed
of the algorithm, which effectively improved the operation
efficiency of the algorithm. Finally, the mutation threshold
was set to selectively mutate the chromosome to effectively
solve the local optimal problem. At the same time, the
reasonable interference constraint rules in the spectrum al-
location process could further effectively solve the problem
of channel ownership fairness. The simulation results show
that by selecting three complex continuous functions for
testing, the algorithm has better convergence speed and
optimization ability. Moreover, network average efficiency
and time overhead were applied to evaluate the spectrum
allocation performance. Thus, it is evident that this algo-
rithm can produce satisfied results with good convergence
rate as to the enhancement of the network efficiency of the
CRN system.
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