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Abstract—The limited availability of channel resources of-
fers a bottleneck on the allocation of channels to subscribers
in wireless mobile communication systems. The role of a
channel assignment scheme is to allocate channels to cells or
mobiles in such a way as to minimize call blocking probability
under the EMC constraints. Channel assignment is known
to be an NP-hard optimization problem. In this paper we
propose a novel and efficient channel assignment approach,
adaptive mutation particle swarm optimization. The novel
algorithm can find optimal solutions to the 7-benchmark
problems more than the most existing algorithms in the
literature. The results are compared with those obtained by
applying Genetic Algorithm and standard PSO. It has been
shown that the developed AHPSO global best algorithm is
faster in convergence and the obtained results are proved
to have lower blocking probability than the other two
algorithms.

Index Terms—Fixed Channel Assignment (FCA), Electro-
magnetic Compatibility (EMC), Blocking probability, Parti-
cle Swarm Optimization (PSO), Genetic Algorithms (GA),
Adaptive Mutation Particle Swarm Optimization (AMPSO).

I. INTRODUCTION

With a limited frequency spectrum available, the main
task of cell design is to optimize the use of the available
frequency bandwidth. This is known as the channel assign-
ment problem. The channel assignment problem can be
defined as assigning a minimum number of radio frequen-
cies to a set of cells without violating the given constraints.
The channel assignment problem can be classified into
three categories [1], Fixed channel assignment, Dynamic
channel assignment, and Hybrid channel assignment (a
combination of fixed and dynamic channel assignment.).

Fixed Channel Assignment (FCA): Its simple but not
adaptive. In this scheme [1], the channels are permanently
assigned to the base stations based on a predetermined
traffic demand and interference constrains.

Dynamic Channel Assignment (DCA): In this scheme
[2], the channels are placed into a central pool and are
dynamically assigned upon request by a base station.

Hybrid Channel Assignment (HCA): In this scheme
[3], the set of available channels is partitioned into two
subsets of convenient sizes, one of which is allocated to
the network according to the FCA scheme and the other
as per DCA scheme.

The objective of a channel assignment algorithm is to
determine a spectrum efficient allocation of channels to

the cells while satisfying the traffic demand and electro-
magnetic compatibility (EMC) constraints [4]:

• The Co-Channel Constraint (CCC): the same channel
can not be assigned simultaneously to a pair of cells
that are not sufficiently far apart.

• The Adjacent Channel Constraint (ADC): Adjacent
channels can not be assigned to adjacent cells simul-
taneously.

• The Co-Site Channel Constraint (CSC): the distance
between any pair of channels used in the same cell
must be larger than a specific distance.

In this paper, we represent a new approach, Adaptive Mu-
tation Particle Swarm Optimization (AMPSO), to solve the
channel assignment problem and minimize the blocking
probability [5]. We consider a general cellular radio net-
work satisfying a given channel demand without violating
interference constraints, while the number of frequency
channels is minimized.

II. PROBLEM FORMULATION

The channel assignment problem has been shown to
belong the class of NP-complete combinational optimiza-
tion problems. In order to get a mathematical formulation
of the channel assignment problem, we will assume the
following; the model considered in this paper is a group
of hexagonal cells, as shown in Figure 1. For an N -cell
cellular system, an compatibility matrix N×N symmetric
matrix [6] C= [cij] can be used to represent the three types
of constraints, where cij denotes the minimum channel
separation between channels assigned to cell i and cell j to
avoid the interference. It is easy to see that cij = 0 means
a channel assigned to cell i can be reused at cell j. cij = s
means the co-site channel interference constraint is s
channels. cij = a means the adjacent channel interference
constraint is a channels. Let the set of frequency chan-
nels be ranked by a set of positive integers 1, 2, 3, . . . , z
according to their carrier frequencies. The traffic demand
requirement d = d1, d2, . . . , dn, each element di denotes
the number of channels to be assigned to cell i [6], and
the total channels in the whole network is ranked by a set
of positive integers 1, 2, 3, . . . ,m. Finally we can describe
the resulted channel assignment by a binary matrix F . The
representation is denoted as fjk where:

fjk =

{
1

0
if channel k is

{
assigned

notassigned

}
to cell j
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Figure 1. The 21-cell system

III. PROPOSED ALGORITHMS

A. Adaptive Cauchy Mutation Particle Swarm Optimiza-
tion (AMPSO)

Particle swarm optimization (PSO) is an efficient tool
for optimization and search problems. However, it is easy
to be trapped into local optima due to its information
sharing mechanism. Many re-search works have shown
that mutation operators can help PSO prevent premature
convergence. In this thesis, a mutation operator that is
based on the global best particle are investigated and com-
pared for PSO. Each particle keeps track of its coordinates
in the problem space which are associated with the best
solution (fitness) it has achieved so far. (The fitness value
is also stored) This value is called pbest. Another "best"
value that is tracked by the particle swarm optimizer is the
best value, obtained so far by any particle in the neighbors
of the particle. This location is called lbest. when a particle
takes all the population as its topological neighbors, the
best value is a global best and is called gbest. The particle
swarm optimization concept consists of, at each time
step, changing the velocity of (accelerating) each particle
toward its pbest and lbest locations (local version of PSO).
Acceleration is weighted by a random term, with separate
random numbers being generated for acceleration toward
pbest and lbest locations. An individual particle i is com-
posed of three vectors: its position in the D-dimensional
search space −→xi = xi1, xi2, . . . , xiD, the best position that
it has individually found −→pi = pi1, pi2, . . . , piD, and its
velocity −→vi = vi1, vi2, . . . , viD. Particles were originally
initialized in a uniform random manner throughout the
search space; velocity is also randomly initialized. These
particles then move throughout the search space by a fairly
simple set of update equations. The Classical PSO [7]
algorithm updates the entire swarm at each time step by
updating the velocity and position of each particle in every
dimension [8-14] by the following rules:

vid(t+1) = vid(t)+cε1(pid(t)−xid(t))+cε2(gid(t)−xid(t))
(1)

xid(t+ 1) = xid(t) + vid(t+ 1) (2)

where w is the inertia weight, at every iteration i is
calculated using the following equation:

wi = wmax − ((wmax − wmin)/N) ∗ i; (3)

and c1, c2: two constants multiplier terms known as
“self confidence” and “swarm confidence” which respec-
tively determine the influence of −→p (t) and −→g (t) on the
velocity update formula, and ε1 and ε2 two uniformly dis-
tributed random numbers are independent random numbers
uniquely generated at every update for each individual
dimension d = 1 to D, and −→pg is the best position found
by any neighbor of the particle.

Table I
PSO WITH INERTIA SETTINGS

Parameter Label Setting
Maximum Inertia weight wmax 0.8 [7]
Minimum Inertia weight wmin 0.4 [7]
Self Confidence c1 1.49618 [9]
Swarm Confidence c2 1.49618 [9]
Total number of iterations i 100

An adaptive mutation operator is designed. The results
show that this mutation operator can greatly enhance
the performance of PSO. The adaptive mutation opera-
tor shows great advantages over non-adaptive mutation
operators on a set of benchmark problems [7]. Different
mutation operators can be used to help PSO jump out of
local optima. However, a mutation operator may be more
effective than other ones on a certain type of problems
and may be worse on another type of problems. In fact,
it is the same even for a specific problem at dierent stage
of the optimization process. That is, the best mutation
results can not be achieved by a single mutation operator,
instead several mutation operators may have to be applied
at dierent stages for the best performance. This thesis
designs a mutation operator that can adaptively select the
most suitable mutation operator for dierent problems. The
mutation operator designed for the global best particles
are described as follow [10]:

• Cauchy Mutation Operator
−→
V

′

g =
−→
Vgexp(δ) (4)

−→
X

′

g =
−→
Xg +

−→
V

′

g δg (5)

where
−→
X

′

g and
−→
V

′

g represent the position and velocity of
the global best particle. δ and δg denote Cauchy random
numbers with the scale parameter of 1.

Figure 2, shows the Cauchy Distribution
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Figure 2. Cauchy distribution
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The overall procedure is described as follows:

Algorithm 1 Adaptive Mutation Particle Swarm Optimiza-
tion Algorithm
1: procedure AMPSO
2: repeat
3: for i = 1 to number of individuals do
4: if G(−→xi) > G(−→pi ) then G( ) evaluates fitness
5: for d = 1 to dimensions do
6: pid = xid pid is the best state found so far
7: end for
8: end if
9: g = i arbitrary
10: for j = indexes of neighbors do
11: if G(−→pj ) > G(−→pg) then
12: g = j g is the index of the best performer

in the neighborhood
13: end if
14: end for
15: for d = 1 to number of dimensions do
16: vid(t) = f(xid(t−1), vid(t−1), pid, pgd) up-

date velocity
17: xid(t) = f(vid(t), xid(t−1)) update position
18: end for
19: for d = 1 to number of dimensions do
20: MutatePg

21: Select a best particle Pgbest from the N particles
after mutation
22: if the fitness value of Pgbest is better than Pg

then Pg = Pgbest

23: end for
24: end for
25: until stopping criteria
26: end procedure

B. Cloud Mutation Particle Swarm Optimization
(CMPSO)

In CMPSO, the choice of Pm is created from a cloud
mutation rate generator. The stable tendency of normal
cloud guarantees CMPSO can improve convergent speeds,
while the randomness of normal cloud model can, to a
large extent, prevent CMPSO from getting stuck at a sub-
optimal solution. A normal cloud is defined with three
digital characteristics, expected value Ex, entropy En and
hyper entropy He. and are calculated using the following
algorithm [11]:

In any given population, let fi be the fitness value of
any chromosome i, fmax be the best fitness value and favg
be the average fitness value. Then,

Ex = favg , En = Cn ∗ (fmax − favg), and He =
En ∗ Ce.

For each chromosome i ,
1) If (fi ≥ favg)

E
′

n =Cloud Generator (En, He)

Pm = Cm∗Cloud Generator (Ex, E
′

n)

2) If (fi < favg)

Pm = P
′

fm

Where the Cloud Generator (x,y) gives a normal random
number from a normal distribution with mean x and
standard deviation y.

In this algorithm, for the individual whose fitness is
higher than the average fitness of the population, an adap-
tive mutation rate are produced using a cloud generator.
For the individual whose fitness is lower than the average
fitness, fixed mutation rate are given, and Cn = 1/3 and
Ce = 1/10 are adjustment factors that directly affects the
diversity and randomness of the cloud model, P

′

fm = 0.5
is the fixed mutation rate, and Cm = 0.5 is constant.

IV. SIMULATION RESULTS AND DISCUSSION

The algorithm shows a great efficiency in solving a
known seven bench mark problems which are taken from
[12]. In the simulation, we use a 21 cell network in the
most of the problems (except one problem we use a 25
cell network).

For the 25 cell model, we use the following two demand
vectors:
D2 = [10 11 9 5 9 4 5 7 4 8 8 9 10 7 7 6 4 5 5 7 6 4

5 7 5]
For the 21 cell model, we use the following two demand

vectors:
D3 = [8 25 8 8 8 15 18 52 77 28 13 15 31 15 36 57

28 8 10 13 8]
D4 = [5 5 5 8 12 25 30 25 30 40 40 45 20 30 25 15

15 30 20 20 25]
The compatibility matrices are shown in Figure 3.

Figure 3. Compatibility matrices used for the investigated problems

Table II, presents the specifications of the case study
problems used for algorithm simulation.
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Table II
SPECIFICATIONS OF CASE STUDY PROBLEMS

Problem
Number

Number
of

radio
cells
(n)

Minimum
number of
frequen-

cies
(z)

Compatibility
matrix (C)

Demand
vector

(D)

Number
of

calls
(m)

1 25 73 C2 D2 167
2 21 381 C3 D3 481
3 21 533 C4 D3 481
4 21 533 C5 D3 481
5 21 221 C3 D4 470
6 21 309 C4 D4 470
7 21 309 C5 D4 470

As a result for the algorithm efficiency, we chose only
100 iterations as the maximum number of iterations for
our algorithm. We refer to the solutions that achieve zero
blocking probability for the whole system (no call is
blocked through the whole pattern).

Table III
SIMULATION RESULTS FOR THE CASE STUDY PROBLEMS

Problem
Number

Number of
blocked calls

Overall Blocking
Probability (%)

CPU Time
(sec.)

1 0 0 128.2055
2 1 0.00262 563.3603
3 1 0.00187 816.2842
4 2 0.00375 831.9336
5 0 0 545.5212
6 0 0 711.0261
7 2 0.00647 782.7361

In Table IV, resulted blocking probabilities are com-
pared with an approach using Improved Genetic Algorithm
to solve the same benchmark problems [13]. As we have
seen from this table, the AMPSO can solve each of the
seven benchmark problems optimally. Our algorithm can
achieves a zero blocking probability for 3 Problems (2, 5,
6) from the 7 Problems.

Table IV
COMPARISON OF SIMULATION RESULTS IN TERMS OF BLOCKING

PROBABILITY

Overall Blocking
Probability (%)

Problem
Number

Our Algorithm
Results

Results in [13]
Improved Genetic

Algorithm
1 0 0
2 0.00262 0.1060
3 0.00187 0.1622
4 0.00375 0.0270
5 0 0
6 0 0.0170
7 0.00647 0.0362
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Figure 4. Results of Problem # 4
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Figure 5. Results of Problem # 7

V. CONCLUSION

In this paper, we applied AMPSO, which is known to
perform better than many other optimization algorithms
(such as Genetic Algorithm and Classical Particle Swarm
Optimization). The algorithm performance was measured
with respect to the blocking probability, and CPU time.
From the results we can see that a great improvement
has been made on the blocking by using our algorithm
(AMPSO) which we achieved zero blocking in problems
No. (1), (5), and (6) and the remaining problems the
blocking reduced to be near 100%. Finally, we can see
that the proposed algorithm was shown to have a great
performance and more applicable in real world problems.
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