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Multi-user cognitive radio network resource allocation

based on the adaptive niche immune genetic algorithm∗

Zu Yun-Xiao(í��)† and Zhou Jie(± #)

School of Electronic Engineering, Beijing University of Posts and Telecommunications, Beijing 100876, China

(Received 13 December 2010; revised manuscript received 27 July 2011)

Multi-user cognitive radio network resource allocation based on the adaptive niche immune genetic algorithm is

proposed, and a fitness function is provided. Simulations are conducted using the adaptive niche immune genetic algo-

rithm, the simulated annealing algorithm, the quantum genetic algorithm and the simple genetic algorithm, respectively.

The results show that the adaptive niche immune genetic algorithm performs better than the other three algorithms in

terms of the multi-user cognitive radio network resource allocation, and has quick convergence speed and strong global

searching capability, which effectively reduces the system power consumption and bit error rate.
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1. Introduction

The cognitive radio network was originally sug-
gested by Joseph[1] in 1999, and has the ability to
sense and learn the current status of the surround-
ing wireless environment in order to make full use
of the idle spectrum. The resource allocation of
the cognitive radio network is a key technology. It
achieves dynamic spectrum allocation and system re-
source schedule by intellective learning and the heuris-
tic algorithm.[2−5] As the system parameters, such as
transmission power, carrier frequency and modulation
order, dynamically change, the cognitive radio net-
work can effectively adapt to the changes in the wire-
less environment and achieve a high reliable commu-
nication, as well as an effective use of the limited radio
spectrum resources in space.

The previous research developed a simple genetic
algorithm (SGA) for multi-user cognitive radio net-
work resource allocation,[6] which focuses on multi-
carrier power control and adaptive subcarrier-bit allo-
cation. The algorithm gives an almost optimal perfor-
mance after carrying out a large number of iterations,
but it has a slow convergence speed, so it is hard to
use in practical systems. The resource allocation and
schedule, in which the simulated annealing algorithm
(SA) is used, is presented in Ref. [7]. The bit error rate

(BER) reduction is expected by using the algorithm
for dynamic modulation and subcarrier allocation, but
the computational complexity is very high. The quan-
tum genetic algorithm (QGA) in Ref. [8] dynamically
allocated the radio spectrum to each user, and had
a high convergence speed, but it did not analyse the
ratio of per-bit energy to noise power spectral density
Eb/N0.

In this paper, a novel resource allocation method
based on the adaptive niche immune genetic algo-
rithm (ANIGA) is proposed for multi-user cognitive
radio networks. We establish a simulation platform
and compare ANIGA with SGA, QGA and SA in
multi-user cognitive radio networks. The simulation
results show that ANIGA performs better than the
other three algorithms. It has a quick convergence
speed and a strong global searching capability, which
also reduces the system power consumption and the
BER effectively.

The rest of this paper is organized as follows. In
Section 2 a system model of the multi-user cognitive
radio network resource allocation is presented, and a
fitness function is provided. In Section 3 a resource
allocation method based on ANIGA is presented, and
the simulation results and analysis are presented in
Section 4. The conclusion is given in Section 5.
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2. The resource allocation model

for multi-user cognitive radio

networks

The spectrum resource model of the cognitive ra-
dio network is shown in Fig. 1. With smart spec-
trum sense technology, the secondary users can use
the idle spectrum, which is not in deep fading for all
secondary users or occupied by the primary users. We
focus on the cognitive radio network using orthogonal
frequency-division multiple access technology, which
accumulates all available idle spectra into a spectrum
pool and divides the spectrum pool into orthogonal
sub-carriers. The system combines several adjacent
sub-carriers into one logic sub-channel, and then allo-
cates it to a single secondary user. Since the adjacent
sub-carriers all have similar frequencies, correspond-
ingly, they will have similar channel gains to the same
user, which can be considered to be flat fading. Ac-
cording to the channel gain and the rate demand of
different secondary users, the cognitive radio network
dynamically adjusts the modulation order of the sub-
channels. After that, the system will dynamically allo-
cate the available sub-channels to different secondary
users.

idle bands idle bands

primary users

occupied

deep fading

for all users

Fig. 1. The spectrum resource model.

In this article, we aim to maximize the total trans-
mission rate for the secondary users in the cognitive
radio networks with the constraints of the limited
transmission power, the demand for secondary user
rate and the BER. We assume that there are N avail-
able idle sub-carriers and K secondary users, and the
total transmission rate of the cognitive radio network
can be shown as

max R = L

N∑
n=1

K∑
k=1

mk,n, (1)

where R denotes the total transmission rate in the cog-
nitive radio network, L is the bandwidth of each sub-
carrier and mk,n is the modulation order of the k-th
secondary user on the n-th sub-carrier. With the con-
straint of system maximum transmission power Pmax,

the total transmission power of the secondary users
must satisfy the constraint

N∑
n=1

K∑
k=1

L
f(mk,n, Pe)

a2
k,n

≤ Pmax, (2)

where ak,n denotes the channel gain of the k-th user
on the n-th sub-carrier, and f(mk,n, Pe) represents the
power consumption by the k-th secondary user on sub-
carrier n with modulation order mk,n under the BER
constraint Pe. It is given by

f(mk,n, Pe) =
N0

3

[
Q−1

(
Pe

4

)]2

(2mk,n − 1), (3)

where Q(x) is the normal distribution integral func-
tion, which can be expressed as

Q(x) =
1√
2π

∫ ∞

x

e−t2/2dt. (4)

Because each sub-channel must be assigned to
only one secondary user to avoid spectrum conflict,
we assume that the user number is k0, so the second
constraint is given by

mk,n =

 mk0,n, (k = k0) ,

0, (k 6= k0),
n ∈ {1, 2, · · · , N}. (5)

Each secondary user must meet the minimum rate
demand, so the third constraint can be shown to be

L

N∑
n=1

mk,n ≥ Rk, k ∈ {1, 2, · · · ,K}, (6)

where Rk denotes the minimum rate demand from the
k-th secondary user.

3. Resource allocation for multi-

user cognitive radio networks

based on ANIGA

3.1.ANIGA

In this paper, we propose ANIGA for multi-user
cognitive radio network resource allocation. The tra-
ditional immune genetic algorithm (IGA) is an im-
proved genetic algorithm based on the creature im-
mune mechanism, which maps the objective function
and the solution of a problem to an antigen and the
corresponding antibody, respectively. However, tra-
ditional IGA has its disadvantages, such as a sim-
ple memory cell, a single antibody population space
and fixed parameters, which can easily lead to prema-
ture and slow convergence. By adaptively updating

019501-2



Chin. Phys. B Vol. 21, No. 1 (2012) 019501

the memory cells, establishing niche sub-populations
and dynamically adjusting the crossover and muta-
tion parameters, ANIGA can effectively improve the
global search ability, accelerate the convergence speed
and avoid premature convergence. The key steps of
ANIGA include encoding the antigen and the anti-
body, generating the initial antibody population, dy-
namically adjusting the sub-population size, crossing
over, mutating, adaptively adjusting the parameters
and updating the memory cells.

3.2.The encoding antigen and antibody

In ANIGA, the fitness function and the antigen
for the multi-user cognitive radio network resource al-
location can be given as

max R = L

N∑
n=1

K∑
k=1

mk,n

s.t
N∑

n=1

K∑
k=1

L
f(mk,n, Pe)

a2
k,n

≤ Pmax,

L

N∑
n=1

mk,n ≥ Rk, k ∈ {1, 2, · · · ,K}. (7)

In order to facilitate the crossover and mutation oper-
ations, we use the matrix form to represent the chan-
nel gain. Assuming that there are K secondary users
and N sub-carriers in the cognitive radio network, the
channel gain matrix can be given as

G =



g1,1 g1,2 · · · g1,N−1 g1,N

g2,1 g2,2 · · · g2,N−1 g2,N

...
...

. . .
...

...

gK−1,1 gK−1,2 · · · gK−1,N−1 gK−1,N

gK,1 gK,1 · · · gK,N−1 gK,N


, (8)

where gk,n = 1/a2
k,n represents the channel fading of

the k-th user on the n-th sub-carrier. The antibody
matrix M is given as

M =



m1,1 m1,2 · · · m1,N−1 m1,N

m2,1 m2,2 · · · m2,N−1 m2,N

...
...

. . .
...

...

mK−1,1 mK−1,2 · · · mK−1,N−1 mK−1,N

mK,1 mK,1 · · · mK,N−1 mK,N


, (9)

which represents the solution to the multi-user cogni-
tive radio network resource allocation problem. Each
sub-carrier can be occupied by only one secondary

user, so there is only one non-zero value in each col-
umn of matrix M . The aim of ANIGA is to find the
antibody with the highest fitness value, which means
the best modulation order and the optimum allocation
of sub-carriers to the secondary users.

3.3.Generating the initial antibody pop-

ulation

In ANIGA, the three-dimensional King map is
used to generate the initial antibody population.[9−17]

The three-dimensional King map can be expressed as
xn+1 = sin(ayn) − zn cos(bxn),

yn+1 = zn sin(cxn) + cos(dyn),

zn+1 = e sin(xn),

(10)

where a, b, c, d and e are constant coefficients. When
a = 2.24, b = 0.43, c = −0.65, d = −2.43, e = 0.7 and
initial point (x0, y0, z0) = (0.1, 0.1, 0.1), the system is
in a complete chaotic state.[18−26] In order to initialize
the antibody population, the elements of the antibody
matrix can be assigned as mk,n =

⌊
(H+1)·xn

2

⌋
, (k = k0),

mk,n = 0, (k 6= k0),
(11)

where b c represents taking a round integer downward,
H is the highest modulation order of the system and
k0 is the user number, which can be given as

k0 =
⌊

(K + 1)yn

2

⌋
. (12)

We use the King map chaotic sequence to complete the
initialization,[27−32] and the individuals in the initial
population will maintain a high degree of uniformity
and randomness,[33−48] which will speed up the con-
vergence rate in the initial stage of ANIGA.

3.4.Dynamically adjusting the sub-

population size

In the traditional IGA, only one antibody pop-
ulation is set up, which easily leads to a prema-
ture convergence.[49−56] In ANIGA, the antibody pop-
ulation is divided into multiple independent sub-
populations, and each sub-population contains mul-
tiple antibodies. In this way, each sub-population can
evolve independently and maintain the competition.
This method not only avoids the occurrence of pre-
mature convergence, but also speeds up the process of
antibody evolution.

Traditionally, the dynamic change in the sub-
population size is proportional to the average fitness of
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the antibodies. However, in this method, the similar-
ity between the antibodies is not taken into consider-
ation, which leads to a large number of highly similar
antibodies that occupy the entire sub-population and
continuously expand the scale of the sub-population.
In this paper, we present a method that considers the
antibody density and averages the fitness to dynami-
cally change the size of the sub-population, which can
be given as

nk(t + 1) = C × (1 − ρk(t))fa
k (t)

K∑
i=1

(1 − ρi(t))fa
i (t)

, (13)

where C is the total number of antibodies in the popu-
lation, nk(t+1) is the scale of the k-th sub-population
after t+1 iterations, and fa

k (t) and ρk(t) represent the
average fitness and the antibody density of the k-th
sub-population after t iterations, respectively. They
are given by

fa
k (t) =

nk(t)∑
i=1

fki(t)/nk(t), (14)

ρk(t) =
sk(t)similar

nk(t)
, (15)

where nk(t) is the number of antibodies in the sub-
population, fki(t) is the fitness of the i-th antibody in
the k-th sub-population and sk(t)similar is the number
of antibodies with a high degree of similarity. The
Hamming distance of two antibodies is given by

||zi − zj || =

√√√√ D∑
k=1

(zik − zjk)2, (i 6= j), (16)

where D is the length of the antibody genes, and zik

and zjk are the genes at position k belonging to an-
tibodies zi and zj , respectively. When the Hamming
distance between two antibodies is less than a certain
value, we consider the two antibodies with a high de-
gree of similarity.

3.5.Crossover and mutation

Since the number of sub-carriers in the multi-user
cognitive radio network is very large, the antibody
matrix has a large number of columns. For this rea-
son, the traditional single-point crossover will lead to
a slow convergence and result in evolutionary stagna-
tion. In ANIGA, a three-point crossover operator is
used to exchange adjacent gene sequences, with the
location selected by the chaotic sequence, which can

be shown in Fig. 2.

antibody matrix 1 antibody matrix 2

Fig. 2. The three-point crossover.

Figure 2 shows the process in which the three-
point crossover operation is applied to two antibody
matrices. As can be seen from Fig. 2, two antibod-
ies exchange genes at the corresponding positions by
crossover operation. The crossover operation produces
two new antibody matrices, which represent two new
resource allocation schemes.

In order to generate new genes and avoid evo-
lutionary stagnation, in ANIGA a small proportion
of antibodies are randomly selected to perform the
mutation operation. The mutation operation swaps
two random rows of the selected antibody matrix, as
shown in Fig. 3.

antibody matrix

before mutation

antibody matrix

after mutation

row i

row j

Fig. 3. The mutation operation.

In Fig. 3, the mutation operation makes the i-
th row and the j-th row swap with each other, which
generates new genes and produces a new antibody ma-
trix. After the mutation operation, each column of the
antibody matrix contains only one non-zero element,
which ensures that each sub-carrier is allocated to only
one secondary user.

3.6.Adaptively adjusting parameters

In order to enhance the convergence speed, we
adaptively adjust the probability of the crossover op-
eration, which is given by

Pcrossover(Mi,Mj)

= k1
2fmax − f(Mi) − f(Mj)

fmax − fmin
, (17)

where k1 is a constant coefficient, f(Mi) and f(Mj)
are the fitness values of two antibodies Mi and Mj ,
respectively, fmax is the largest fitness value and fmin

is the smallest fitness value in the sub-population.
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As shown in formula (17), the crossover probability
Pcross is adaptively adjusted according to the values
of f(Mi), f(Mj), fmax, and fmin.

Through adaptive adjustment of the crossover
probability, the antibodies with high fitness are more
likely to skip the crossover and be retained for the next
generation, and the antibodies with low fitness are
given higher crossover probabilities, which are more
likely to be restructured and used to generate new
genes.

The mutation probability is given by

Pmutation(Mi) = k2
fmax − f(Mi)
fmax − fmin

, (18)

which is adaptively adjusted with antibody fitness
f(Mi), fmax and fmin in the sub-population. In this
way, the low fitness antibodies will have higher muta-
tion probabilities, which will generate new genes and
improve the overall fitness of the antibody population.

3.7.Updating the memory cells

In the traditional IGA, the memory cell will be
periodically updated, and the high fitness antibodies
will be retained in the memory cell. However, there
is only one single memory cell space, so the algorithm
can easily to fall into a suboptimal solution rather
than a global optimal one.

In ANIGA, several independent memory cells are
set up, which prevents the algorithm from falling into
the suboptimal solution. In the update process of the
memory cells, the multi-island model is used, which
adjusts the size of the memory cell proportional to the
average fitness of the antibody. In adjacent memory
cells, antibody information is exchanged periodically,
which can speed up the convergence rate and obtain
a global optimal solution.

4. Simulation and analysis

4.1.The basic steps of ANIGA

A basic flow chart of ANIGA is shown in Fig. 4.
First we generate the initial antibodies with the mem-
ory cells and the chaotic sequence. After that the an-
tibody population will be divided into multiple sub-
populations. Then we will calculate antibody fitness
within the sub-populations and update the memory
cell with high fitness antibodies. The algorithm then
dynamically changes the size of the sub-populations
and adjusts the parameters of crossover and muta-
tion according to the fitness value. Finally, we check

whether the algorithm has arrived at the designated
iterations. If so, the antibody with the highest fitness
will be output, otherwise the process in the flow chart
will be continued.

generate antigen according to

fitness function and constraints

generate initial antibody population

by memory cells and chaotic sequence

divide antibody population

into multiple sub populations

calculate fitness value of antibody

dynamic adjust sub population

size and other parameters

do crossover and mutation operation

update memory cells

algorithm has

reached designated

iterations?

output antibody with highest fitness

Y

N

Fig. 4. The basic steps of ANIGA.

4.2. Simulation results and analysis

In the simulation, we assume that the channel
estimation is accurate, the single-side power spectral
density of the additive white Gaussian noise channel
is N0 = 1, the total idle spectrum bandwidth of the
spectrum pool is 15 MHz, the number of sub-carriers
is 1024, the bandwidth of each sub-carrier is 15 kHz
and each user’s rate demand is 6 Mbps. The modula-
tion modes are BPSK, QPSK and 16, 32, 64, 128 and
256 QAM, which means that the maximum modula-
tion order is 8 bit·s−1·Hz−1. In ANIGA, we set the
population size to be 64, the generation gap 0.8, the
maximum generation 1000, the crossover probability
0.7 and the mutation probability 0.05.
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Fig. 5. The bit error rate against the signal-to-noise ratio with the numbers of secondary users: (a) 2, (b) 4, (c) 6 and (d) 8.
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Figure 5 shows the variations of the BER with
the signal-to-noise ratio (SNR) for different numbers
of secondary users. The QGA, SA and SGA are com-
pared with ANIGA with the numbers of secondary
users being 2, 4, 6 and 8, respectively. From Fig. 5, we
can see that by niche selection and adaptive adjusting
the parameters, ANIGA requires less SNR at the same
BER limit, which means that it requires less power
consumption. The QGA has a lower bit error rate
than the SA and SGA at the same SNR. Meanwhile,
compared with the other three algorithms, ANIGA re-
duces the system BER significantly at the same SNR.

Figure 6 shows the variations of Eb/N0 with the
number of secondary users when BERs are 10−2, 10−3,
10−4 and 10−5, respectively. As shown in Fig. 6, the
QGA needs lower per-bit energy than the SA and the
SGA under the same Eb/N0. Compared with the
QGA, the SA and the SGA, ANIGA consumes less
per-bit energy, which means that the system needs less
transmission power. With the increase in the num-
ber of secondary users, ANIGA reduces the required
Eb/N0 from 1 to 3 dB compared with the other three
algorithms, which means that ANIGA has more obvi-
ous advantages in multi-user cognitive radio networks.

5. Conclusion

In this paper, we presented an adaptive niche im-
mune genetic algorithm for cognitive radio network re-
source allocation. We also designed the corresponding
fitness function and random sequence generator. The
simulation results showed that the adaptive niche im-
mune genetic algorithm performs better than the sim-
ulated annealing algorithm, the quantum genetic al-
gorithm and the simple genetic algorithm in both con-
vergence speed and global searching capability. The
new algorithm improves system power consumption
and the bit error rate in multi-user cognitive radio
networks.
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