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Cognitive radio resource allocation based on
coupled chaotic genetic algorithm*
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A coupled chaotic genetic algorithm for cognitive radio resource allocation which is based on genetic algorithm

and coupled Logistic map is proposed. A fitness function for cognitive radio resource allocation is provided. Simulations

are conducted for cognitive radio resource allocation by using the coupled chaotic genetic algorithm, simple genetic

algorithm and dynamic allocation algorithm respectively. The simulation results show that, compared with simple

genetic and dynamic allocation algorithm, coupled chaotic genetic algorithm reduces the total transmission power and

bit error rate in cognitive radio system, and has faster convergence speed.
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1. Introduction

Cognitive radio is an intelligent communication
system which can perceive the external communica-
tion environment. It can study and adapt the changes
of the wireless communication environment in real
time, and achieve adaptive resource allocation and
the dynamic spectrum sharing by changing the trans-
mit power, carrier frequency and modulation mode.
With the rapid development of wireless communica-
tion technology, spectrum resources has become more
and more precious, more and more users access to
the wireless networks through the non-authorised fre-
quency bands. In order to improve spectral efficiency
and reduce power consumption of the system, new al-
location algorithms for cognitive radio resource allo-
cation are need to be investigated.

Currently, most of the cognitive radio resource
management algorithms are mainly focused on adap-
tive subcarrier-bit allocation and power control, which
proposed for multiuser systems in Refs. [1]-[5]. An
adaptive dynamic subcarrier and bit allocation algo-
rithm for cognitive radio system has been presented in
Ref. [6]. The transmission power reduction is expected
by using the algorithm for multiuser modulation and
subcarrier allocation, but the algorithm which has

slow convergence rate can not meet the requirements

of real-time. The allocation algorithm in Ref. [7] which
uses the genetic algorithm gives nearly optimal per-
formance, but does not take into account the condi-
tions under which primary user occupies channel. The
resource allocation algorithm in Ref. [8] assigns each
user a fixed communication flow, and dynamically al-
locates channel, but it does not consider the user’s
communication load demand. A suboptimal adap-
tive modulation algorithm which is close to the lower
bound is given in Ref. [9], since its computational com-
plexity is too high, it is hard to use in practical system.

This study proposes a coupled chaotic genetic al-
gorithm for cognitive radio resource allocation, which
is based on genetic algorithm and coupled Logistic
map. The proposed algorithm takes full advantages of
chaotic characteristics of coupled Logistic map.[10-12]
Coupled Logistic chaotic map is used in the whole
process of the proposed algorithm, such as popula-
tion generation, crossover and mutation. The algo-
rithm runs crossover and mutation at the same time,
which will save the run time and reduce the compu-
tational complexity. Meanwhile, parameters of the
proposed algorithm are also dynamically adjusted by
using adaptive technology. The search space is the
whole solution space, which reduces the similarity of
individuals in the same population. Simulation results

show that, compared with dynamic allocation algo-
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rithm and simple genetic algorithm, coupled chaotic
genetic algorithm reduces the transmit power and bit
error rate. Meanwhile, the computational complexity
is decreased.

2. Coupled chaotic genetic algo-

rithm

Chaotic refers to the phenomenon with uncertain
and aperiodic behaviour which happens in a determin-
istic system. Chaotic theory is widely used in long-
term weather forecasting, confidential communication,
neural network, economics, and so on.['3=17 The ge-
netic algorithm which combines with chaotic operator
has a lot of advantages, such as fast convergence speed,
low similarity among individuals, large search space,
global convergence, and so on. However, most of the
combination of genetic algorithm with chaotic opera-
tor is used for generating the initial population of ge-
netic algorithm and doing the chaotic disturbances of
population. Furthermore, most of them use the one-
dimensional Logistic map,[18=23 which did not take
full advantages of the global and the random charac-
ter of chaotic systems.

We define the coupled chaotic genetic algo-
rithm as the combination of coupled Logistic chaotic
map!?*~27) and the genetic algorithm. Traditional ge-
netic algorithm has some shortcomings, such as the
small search space, fixed parameters of algorithm, and
it can easily converge to a local optimal solution.
In coupled chaotic genetic algorithm initial popula-
tion is generated through coupled chaotic mapping,
crossover and mutation are done at the same time
by the chaotic sequence, which can effectively im-
prove the global search ability, prevent premature con-
vergence, enhance the computational efficiency and
shorten the computing time.

The key steps of coupled chaotic genetic algo-
rithm are: establishing the coupled Logistic chaotic
sequences, population coding, using coupled chaotic
sequence to initialise population, adaptive adjusting
the algorithm parameters, running crossover and mu-

tation using chaotic sequences, etc.

2.1. Establishment of the coupled Logis-
tic chaotic sequence

Logistic mapping is first proposed in an overview
written by May. Expression of one-dimensional Logis-

tic map is as follows.
Tn1 = - T - (1= 2n). (1)

This equation is widely used in the generation
of one-dimensional chaotic sequence, =33 as well as
ecology research. Logistic map has several character-
istics, such as sensitive to the initial value, aperiodic,
non-convergence and so on.

We extend the Logistic map to coupled Logistic
map. The coupled Logistic map equation is as follows:

Tn+1 = 4)\lmn(1 - xn) + YYn,
Yn+1 = 4/\2yn(1 - yn) + YTn, (2)

where Aq, Ao,y are the control parameters. When
v = 0.1, Ay = 0.89,2 = 0.89 the system is in a
chaotic state. In order to generate uniform random
points, map is amended as formula (3) after each it-
eration.

2 = mod (v - arccosx, 1),

y = mod(vs - arccos y, 1), (3)

where the operator mod(,1) represents taking the
fractional part of a number. When the system takes
the initial point (0.10,0.11), v; = 23,vs = 23, the
distribution of the chaotic sequence points is highly
random and uniform. A generated coupled Logistic
chaotic sequence is as follows after n iteration

L= {(3?1, y1)7 ($2,y2), IR (.I‘i, yi)a SRR (x’myn)}' (4)

2.2. Population coding

In order to facilitate crossover and mutation, the
chromosome encoding takes the form of matrix and is
shown in formula 5

dy dy2 di,N-1 dq,n

do 1 d2.2 da,N—1 do, N

D = di.n )

dr—11 dr—-12 drx-1,N—1 drx—1 N

| dx1  dip dr.n—1  drgN

(5)
where D is the individual matrix, d , represents the
modulation method of the kth user in the nth subcar-
rier, N is the quantity of subcarrier in cognitive radio
system, K is the number of users. Each element’s
value in matrix D ranges from 0 to m, and m is the

maximum modulation mode allowed by the system.
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In matrix D each column has only one non-zero ele-
ment which means that each subcarrier can only be
assigned to one user.

The aim of this algorithm is to find the optimal
subcarrier allocation users and modulation type ac-
cording to the constraints and the changes of wireless

environment.

2.3. Initialise population using chaotic
sequence

In order to generate the initial population ran-
domly and ensure that the initial population is uni-
formly distributed in the solution space, we use for-
mula (2) and formula (3) to generate the coupled Lo-
gistic map chaotic sequence, and then use this chaotic
sequence to generate initial population. In each indi-
vidual matrix of the initial population, the location of
the non-zero element at column n is determined by v,
in the chaotic sequence

r=[K-ynl, (6)

where y,, is the value of the element in the chaotic se-
quence. Equation (6) is a ceiling function which maps
a real number to the smallest following integer. The
value of non-zero elements dy, ,, is determined by
which corresponds with y,, as shown in formula (7):

dk:,n = |_m ' xn—l (k = ’I"),
dk,n =0 (k 7é T)' (7)

An initial population {D;, ..., D, } which is com-
posed by n individuals is gotten by assigning the val-
ues of the chaotic sequences to the corresponding in-
dividuals. In this way the individuals in the initial
population is uniformly and randomly distributed in

the whole solution space.

rij(fmax - fhigh)

2.4. Adaptive adjustment of algorithm
parameters

In traditional genetic algorithm crossover prob-
ability Pe.oss and mutation probability Pputation are
constants, so appropriate Peross and Ppytation are need
to be pre-selected before running the algorithm. The
larger Peross and Pputation are, the faster the speed of
generating new individual will be. However, if Peposs
and Pputation are too large, the algorithm will degen-
erate into a completely random search algorithm.

Fitness of population will change with the running
of algorithm in actual systems. If the fitness of indi-
viduals approach to the same level, the pre-selected
Prross and Ppytation are often too small, which leads
the solution population can not get away from the
If the distribution of individ-

uals fitness is dispersive, the pre-selected P.oss and

local optimum value.

Prutation are often too large to preserve the higher
fitness individuals. Therefore the high fitness individ-
uals should give a relatively low crossover probability
and mutation probability so that they can smoothly
go into the next generation. The crossover probabil-
ity and mutation probability of the low fitness indi-
viduals should be risen. Similarly, in order to avoid
the high fitness individuals to do crossover repeatedly,
which will lead stagnation of population evolution, the
crossover probability and mutation probability should
be dynamically adjusted according to the vector dis-
tance between individuals.

An adaptive adjustment method is developed in
this work according to the vector distance and fitness.

P.ross and Pputation are as follows.

fhigh > favga

rmax(fmax - favg)’ (8)

fhigh < favga

k1
Pcross =
e
k2 B )
Tmax
k (rmax - rij)(fmax - f)
3
Pmutation =

Tmax

Prross and Prugation represent the crossover probability
and mutation probability of the two selected individ-
uals.  fiax is the largest fitness value in the whole

population, and f.g is the average fitness value of the

I f>favg7

Tmax(fmax - favg) (9)

Tmax — Tij
]’C4 ( X J

s fgfavg

|
population. f is the fitness value of the individual,
and fhign is fitness value of the higher fitness individ-
ual in the two individuals which are selected to do

crossover. When an individual fitness value is lower
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than the average fitness value, the greater crossover
and mutation probabilities are given to this individ-
ual so as to promote the improvement of its fitness.
When an individual fitness is higher than the average,
the smaller individual crossover and mutation proba-
bilities are given, so the individual can be preserved
to the next generation.

Similarly, when the hamming distance between
two individuals is too small, the crossover probability
of the two individuals should be reduced, so as to avoid
crossover between the individuals which have a higher
similarity. Meanwhile, a higher mutation probability
is given to the individual which has lower fitness in
the two individuals mentioned above, so as to ensure
that it can generate new individuals and maintain the
population diversity. r;; in formulas (8) and (9) repre-
sents the hamming distance between two individuals,
and Tyax 1s the maximum hamming distance between
individuals. The hamming distance between two indi-

viduals is shown in formula (10).

rij = ||Di — Dyl
K N 4 .
S ot
k=1n=1

i=1,2,...,M—1

: (10)
j=i+1,i+2,...,M

where M is the number of individuals within a popula-
tion, K X N is the number of elements in each individ-
ual matrix which shown in formula (5). dgj)n and d,(j ZL
are the element’s value of k row n column in matrix
D; and Dj respectively. If the hamming distance is
too small, namely individuals are too similar to each
other, so the probability for crossover of the similar
individuals will be reduced according to formula (8),
and the mutation probability of these lower fitness in-
dividuals will be improved according to formula (9),
meanwhile preserving these higher fitness individuals
retained in the population to improve the efficiency of
the algorithm.

2.5.Use
crossover and mutation

chaotic sequences to do

When using genetic algorithms to allocate subcar-
rier of cognitive radio system, crossover between two
individual matrixes will generate two new subcarrier
distribution methods. Traditional genetic algorithm
uses the single-point crossover, that is, to use the

roulette wheel to select crossover location randomly.
However, in the subcarrier allocation of cognitive ra-
dio system crossover means the exchange of subcarrier
allocation method. Because the amount of subcarrier
in cognitive radio systems is very large, the chromo-
some coding of an individual is long. These popula-
tions using single-point crossover will updates slowly,
that results in slow convergence. Mutation means the
sudden change of user’s subcarrier allocation method.
New subcarrier allocation will be generated by using
the mutation operator. Traditional mutation would
produce a number of non-zero elements in a column,
which leads to that one subcarrier is distributed to
multiple users and may generate infeasible solution.
Also, because the crossover and mutation in tradi-
tional algorithm were divided into two separate pro-
cesses, the computation efficiency is low.

Coupled chaotic genetic algorithm uses two par-
allel coupled Logistic maps to generate chaotic se-
quences and complete the crossover and mutation
of individuals.

As shown in Fig. 1, crossover

of chromosome uses two-point crossover. Mean-
while, two adjacent gene sequences exchange and
two coupled Logistic map iteration is done. Af-
ter the nth iterations the following two chaotic
sequences are generated: {(z11,%12),---, (T1n,Y1n)}
and  {(w21,Y21),- -+ (T2n, Y2n) }- The
position(p,q) of these two points are determined by

crossover

the following formulas:

p=I[(N+1) 2],
q=[(N+1)-an], (11)

where N is the number of subcarrier in cognitive radio
system. The Eq. (11) is a floor function which maps
a real number to the largest previous integer.

matrix M2

matrix M1
p

Fig. 1. Crossover.

Mutation of individual matrix is done by exchang-
ing two rows so as to ensure that there is only one
non-zero element in each column. As shown in Fig. 2,
two rows ¢ and j in the individual matrix are selected
according to the following formula

L= [(K+ 1) 'yln]a
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J =K +1)-yam], (12)

where K is the number of users in cognitive radio sys-
tem. As the amount of subcarrier is large, two-point
crossover promotes the generation of new individu-
als in the population and increases the convergence
speed of the algorithm. As mentioned above, the mu-
tation method exchanging two rows can ensure that
each subcarrier is only distributed to one user and
all individuals generated by mutation meet the con-
straints. Coupled chaotic genetic algorithm completes
the crossover and mutation at the same time, which re-
duces the time of the algorithm running and improves
the operation efficiency of the algorithm.

di1  di2---  dinN dj1  djo--- djnN

Fig. 2. Mutation.

2.6. Flowchart of coupled chaotic genetic
algorithm

Flowchart of coupled chaotic genetic algorithm is
shown in Fig. 3. After initialising the population by
coupled Logistic map chaotic sequence, we use chaotic
sequences which will be continuously generated later
to do crossover and mutation to individuals. The
crossover probability and mutation probability are de-
termined dynamically and adaptively by the individ-
ual fitness value and hamming distance between in-
dividuals as mentioned in formula (8) and formula
(9). Our goal is to find individual with highest fitness.
When the algorithm has arrived at its designated iter-
ation number or has achieved the target of the prob-
lem, this algorithm will stop running. For the subcar-
rier allocation issue of cognitive radio, the target is to
minimize the transmit power under the constraints of
reaching the minimum transmission rate which users

need, and BER must be under a certain value.

Logistic chaotic sequence

initialise population using coupled

chaotic sequence flow

A

parameters

adaptive adjustment the algorithm

coupled Logistic chaotic sequence

generator

A

coupled chaotic sequences

crossover and mutation with

chaotic sequence flow

fitness calculation and assignment

check whether reach the
designated generations

fitness

output the individual with highest

Fig. 3. Flowchart of coupled chaotic genetic algorithm.
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3. Cognitive radio resource al-

location based on coupled

chaotic genetic algorithm

3.1. Mathematical model of cognitive ra-
dio resource allocation

In cognitive radio systems different users usually
have different transmission rate requirements, trans-
mission power restrictions and BER restrictions. As
all users will share the available idle spectrums, all
idle spectrums can be collected to a spectrum pool
and classified orthogonal subcarriers. Each user can
be assigned appropriate subcarrier according its trans-
mission rate requirement, transmission power restric-
tion and BER restriction. At the same time, corre-
sponding dynamic modulation on subcarrier must be
completed.

The goal of optimal subcarrier allocation is to
minimise the total transmission power of multi-user
cognitive radio system under the premise of reaching
the user’s transmission rate requirement and BER re-
striction. Assume that there are N available idle sub-
carriers in the idle spectrum pool and K users, then
the expression of total transmission power is shown by
formula (13)

K N
minV/ (D) = 7f’“*”(d§’"’P‘*), (13)

k=1n=1 ak’”

where V(D) is the total downlink transmission power,
Fdims Po) = (No/3)[QH(P/a)2(2%n — 1) is the
transmission power of the kth user with modulation
mode dy, ,, on nth subcarrier, ay , is the channel gain
of the kth user on the nth subcarrier, P, is the BER
limit, and Q(z) = (1/v2m) [° e~"/2dt is the nor-
mal distribution integral function. The fitness func-
tion is shown by formula (14), where Vj,ay is the limit
of transmission power

Fit(D) = Vinax — V(D). (14)

Considering different transmission rate require-
ment of each user, the base station’s downlink trans-
mission rate for each user must meet formula (15),
which is the first constraint.

N

B dpyn > Ry, (15)
n=1
where B represents subcarrier bandwidth, dj, is the
modulation mode of modulation matrix D, and Ry, is
the transmission rate requirement of the kth user.

If the base station has restriction on transmitting
power for each user it is necessary to add the second
constraint as shown in formula (16)

N
n 7L7Pe
ZM < P, (16)

n=1 ak,n

where Py is the kth user’s transmission power limit.

3.2. Resource allocation of cognitive ra-
dio based on coupled chaotic genetic
algorithm

Resource allocation of cognitive radio is to min-
imise the total transmission power under the con-
straints of formula (15) and formula (16).

Matrix D in formula (5) is the individual matrix
of coupled chaotic genetic algorithm. D represents
subcarrier distribution and adaptive modulation mode
in cognitive radio system which has N subcarriers and
K users. After iterative computation the generated
individual which satisfies the user’s transmission rate
and minimum transmission power is the solution.

In summary, the steps of this coupled chaotic ge-
netic algorithm used for cognitive radio resource allo-
cation are described as follows:

(1) To generate fitness function according to chan-
nel gain, the user’s demand of transmission rate,
and transmission power constraints shown in formulas
(14), (15) and (16).

(2) To establish the coupled Logistic chaotic map
generator, generate chaotic sequence, and initialise the
individuals in population using chaotic sequence.

(3) To select the individuals for crossover and mu-
tation using two parallel chaotic sequences.

(4) To calculate the hamming distance of indi-
viduals and to obtain the crossover probability Pe;oss
and mutation probability Pyutation according to the
method shown in Subsection 2.4.

(5) To perform crossover and mutation operations
according to the method shown in Subsection 2.5.

(6) To calculate the individual fitness according
to the method shown in Subsection 3.1, and dynam-
ically adjust the individual fitness according to the
constraints (15) and (16).

(7) To check if the algorithm has reached the
designated generations. The individual with best fit-
ness will be output if the designated generation has
reached, otherwise, continue the iteration of algorithm
from step (3) until reach the designated generation.
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4. Simulation results and analysis

In the simulation, suppose that channel estima-
tion is accurate, the single-sideband power spectral
density of additive Gaussian noise is Ny = 1, the total
bandwidth of idle spectrum in the spectrum pool is
10 MHz, the number of subcarrier is 1024, the band-
width of each subcarrier is 10 kHz, the total amount
of individuals in the population is 100, the dynamic
modulation mode is 0-8 bit/(s/Hz).

Figure 4 shows the changes of the total transmit
power with the iteration of algorithms with the condi-
tions that the transmission rate demand of each user is
5 MHz, the number of users is 2 or 6, and the bit error
rate limits are P, = 1072 and P, = 1073 respectively.
The coupled chaotic genetic algorithm, simple genetic
algorithm and dynamic allocation algorithm are com-
pared for the decline of the total transmit power with

45

coupled chaotic genetic algorithms |
--------- dynamic allocation algorithm
------- - simple genetic algorithm

44 7

41t ——

40 1

Total transmission power/dB

0 50 100 150
Generation
(a) 2 users with BER limit Pe = 102

coupled chaotic genetic algorithm

[590 E— dymamic programming algorithm |

. -------simple genetic algorithm

LN e,

Total transmission power/dB

46

0 50 100 150
Generation

(c) 6 users with BER limit Po = 1072

the growth of the generation, as shown in Fig. 4. The
decline is the fastest for the coupled chaotic genetic al-
gorithm, slower for the simple genetic algorithm, and
the slowest for the dynamic allocation algorithm. The
dynamic allocation algorithm allocates multiple sub-
carriers at each time, which results in a low fitness ini-
tial allocation and comes into stagnation after certain
evolutionary, and finally converges in a sub-optimal
solution. The coupled chaotic genetic algorithm can
avoid highly similar individuals to fill the population
and preserve species diversity by dynamically adjust-
At the

same time, it can maintain the continuing evolution of

ing the crossover and mutation probability.

population by using chaotic sequences to do crossover
and mutation. So the coupled chaotic genetic algo-
rithm has the best performance and faster convergence

speed.

47

couplled chaotic gen(letic algorithm

--------- dynamic allocation algorithm
---- simple genetic algorithm

46 1

Total transmission power/dB

0 50 100 150
Generation

(b) 2 users with BER limit Po = 1073

54 coupled chaotic genetic algorithms
% dynamic allocation algorithm
E simple genetic algorithm
: e
& s2b\ N T
= T
19
Z
=
]
5 507}
B
3
S
B

48 : .

0 50 100 150

Generation
(d) 6 users with BER limit P = 1073

Fig. 4. Total transmission power.

In Fig. 5 the relationship of the average bit SNR and BER is compared for coupled chaotic genetic algorithm,

simple genetic algorithm and dynamic allocation algorithm. As shown in Fig. 5, compared with simple genetic

and dynamic allocation algorithm, the required SNR is reduced 1.5 dB and 3 dB respectively by using the

coupled chaotic genetic algorithm for the same bit error rates. So the system’s transmission power reduces at
the same BER limit and the BER reduces for the same average bit SNR.
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10~

(a) 2 users

1072 L

BER

1073}

10—4

—a— dymamic programming algorithm
[—%—simple genetic algorithm

—+— coupled chaotic genetic algorithms
5 1 1 L I 1

10-5 L— b
0 4 8 12 16

SNR

BER

1071
(b) 6 users

1072 L

1073 L

1074 L
—=&— dymamic programming algorithm
—— simple genetic algorithm

10-5 —+— coupled chaotic genetic algorithms
0 5 10 15 20

SNR

Fig. 5. SNR to BER.

5. Conclusions

This study focuses on the issue of how to reduce the transmission power with the constraints of multi-

user’s transmission rates requirement and limited BER. This is a common and important issue of the cognitive

radio resource allocation. A coupled chaotic genetic algorithm which is based on genetic algorithm and coupled

Logistic map is proposed, and a fitness function for cognitive radio resource allocation is provided. By simulation

it is clearly shown that the coupled chaotic genetic algorithm can effectively reduce system’s transmission power

and bit error rate, and speed up the convergence compared with simple genetic algorithm and dynamic allocation

algorithm.
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