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Abstract. The channel assignment problem has become increasingly important in mobile telephone communica-
tion. Since the usable range of the frequency spectrum is limited, the optimal assignment problem of channels
has become increasingly important. Recently Genetic Algorithms (GAs) have been proposed as new computa-
tional tools for solving optimization problems. GAs are more attractive than other optimization techniques, such
as neural networks or simulated annealing, since GAs are generally good at finding an acceptably good global
optimal solution to a problem very quickly. In this paper, a new channel assignment algorithm using GAs is
proposed. The channel assignment problem is formulated as an energy minimization problem that is implemented
by GAs. Appropriate GAs operators such as reproduction, crossover and mutation are developed and tested. In this
algorithm, the cell frequency is not fixed before the assignment procedures as in the previously reported channel
assignment algorithm using neural networks. The average generation numbers and the convergence rates of GAs
are shown as a simulation result. When the number of cells in one cluster are increased, the generation numbers
are increased and the convergence rates are decreased. On the other hand, with the increased minimal frequency
interval, the generation numbers are decreased and the convergence rates are increased. The comparison of the
various crossover and mutation techniques in a simulation shows that the combination of two points crossover
and selective mutation technique provides better results. All three constraints are also considered for the channel
assignments: the co-channel constraint, the adjacent channel constraint and the co-site channel constraint. The goal
of this paper is the assignment of the channel frequencies which satisfied these constraints with the lower bound
number of channels.
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1. Introduction

There is an increasing demand for mobile telephone communication. At the same time, the
usable range of the frequency spectrum is limited. Optimal frequency channel assignment
is an increasingly important problem in order to use the available frequency spectrum most
efficiently. In this paper, we describe the channel assignment algorithm which uses the Genetic
Algorithms (GAs) [1].

GAs are adaptive search techniques that can find the global optimal solution by manip-
ulating and generating recursively a new population of solutions from an initial population
of sample solutions. The appropriate GAs operators such as reproduction, crossover and
mutation, are developed by using a natural selection.

The following three conditions are considered as the electromagnetic compatibility con-
straints which were adapted in [2-5]: 1) co-channel constraint (CCC): for a certain pair of
radio cells, the same frequency can not be used simultaneously; 2) adjacent channel constraint
(ACC): the adjacent frequencies in the frequency domain cannot be assigned to adjacent radio
cells simultaneously; 3) co-site constraint (CSC): any pair of frequencies assigned to a cell
should have a minimal distance between frequencies.

The channel assignment problem is the assignment of the required number of frequency
channels to each radio cell such that the above constraints are satisfied. When the co-channel
constraint is considered only, this channel assignment problem is known to be equivalent to a



274 J.-S.Kim et al.

graph coloring problem [6]. The graph coloring problem is a NP-complete problem [7], so an
exact search for the best solution is impossible and the complexity of searching computation
for the optimum solution grows exponentially as the problem size increases. Recently, neural
networks [2, 5, 8, 9] and simulated annealing [10] have been considered for the channel
assignment problems. Neural network algorithms [11, 12] are based on the behavior of the
neurons in the brain. Simulated annealing [13] is a searching optimization technique which
is based on a physical, rather than a biological process. One major disadvantage of a neural
network is that it gives the local optimal value rather than the global optimal value, and the
solution varies depending on the initial values. Simulated annealing is a stochastic algorithm
which gives an optimal solution but may take a long time to find an optimal solution. On the
other hand, GAs are generally good at finding an acceptably good solution to a problem very
quickly, although GAs are not guaranteed to find the global optimum solution to a problem
[14].

Gamst [4] defined the compatibility matrix C = (c;;), whichis an N x N symmetric matrix
where N is the number of cells in the mobile network, and c;; is the minimum frequency
separation between a frequency in cell ¢ and cell j. For example, c;; = 0 indicates that the
same channel can be used in cell 7 and cell 5. Hence, CCC and ACC can be represented in
matrix C by ¢;; = 1 and ¢;; = 2, respectively. CSC also can be represented by the certain
value of ¢;;. The number of required channels for each cell ¢ is presented by the demand vector
M = (m;) where 1 <14 < N. Let f;;, indicate the assigned frequency for the kth call in cell
i where 1 < i < N and 1 < k < m;. The condition for the compatibility constraints is the
following:

|fix — Fiil = cij (1)

where 1 < 4,7 < N and 1 < k,I < m;. The channel assignment problem is to find the value
of f;x which satisfies the constraint conditions when the number of cells in the mobile network
N, the demand vector M and the compatibility matrix C' are given.

The contribution of this paper is in the application of GAs to assign frequency channels
with appropriate genetic operators and an energy function. The proposed assignment technique
uses the implicit parallelism of GAs to find the frequencies which satisfy all constraints. An
energy function is derived which represents the constraints that should be satisfied in order
to find the best assignment. The various genetic operators and representation structure for a
population are developed and compared.

Also in this paper, the cell frequencies are not fixed before the assignment procedure
as in the previously reported channel assignment algorithm [5]. In [5], wide variations of
performance could occur with its algorithm depending on which cells are fixed and how the
frequencies of the fixed cells are assigned.

Section 2 presents a short introduction to GAs. In section 3, GAs are applied to channel
assignment problems and the various GAs operators are explained. Section 4 presents the
simulation results.

2. Genetic Algorithm

Genetic Algorithms (GAs) [14-16] are adaptive methods which may be used to solve search
and optimization problems. GAs are algorithms based on an analogy with nature as are neural
networks. GA techniques are robust and they can deal successfully with a wide range of



Channel Assignment in Cellular Radio Using Genetic Algorithms 275

problem areas such as image processing [17], routing problems [18, 19}, and load balancing
for distributed systems [20].

The idea of a GA is that the combination of good characteristics from different ancestors
can produce superfit offspring whose fitness to the new environment is greater than that of
either parent. In this way, the species can evolve to become more and more suited to their
environments. The highly suitable individuals are given opportunities to reproduce, by cross
breeding with other individuals in the population. This makes new individuals as offspring,
and this offspring shares some features taken from each parent. By favoring the mating of the
more suitable individuals, the most promising areas of the search space are explored. If a GA
has been designed well, the population will converge to an optimal solution to the problem
[14]. Crossover is the randomly chosen point which cuts two individual chromosome strings in
two pieces, head segments and tail segments. Two tail segments are swapped over to produce
two new full length chromosomes. The mutation is applied to each child individually with very
small probability, after the crossover. The mutation provides a small amount of random search
and helps ensure that no point in the search space has a zero probability of being examined.
However, the crossover is more important for rapidly exploring a search space [14]. When a
GA has been correctly implemented, the fitness of the best and the average individual in each
generation increases towards the global optimum. Convergence is the progression towards
increasing uniformity.

3. Genetic Algorithm Approach

Generally, GAs have two steps in the algorithm. First, the initial population is needed. Second,
for each generation, GAs are operated for the solution by evaluating the energy function. If
one has a smaller value of this energy function, it is more desirable for the optimization of the
problem. It will be described later in greater detail.

GAs are randomized parallel search strategies which can find the optimal solution for a
particular problem by seeking the maximum/minimum of an appropriate energy function. The
strength of GAs lies in finding very quickly good optimal solutions in a complex search space.
This is the reason for using GAs over other optimization techniques, such as neural networks
[11,12] and she simulated annealing [13].

3.1. POPULATION AND STRINGS

A GA is an iterative procedure that maintains a set of candidate solutions called the population
P(t) for each iteration ¢. At each iteration a new population P(t + 1) is created from the
previous population P(t) using a set of genetic operators.

A population consists of a number of possible candidate solutions called strings S, where
1 < r £ P and P is the population size. Each string consists of an array of genes which
may take some values called alleles. A GA starts with P(0), a randomly generated initial
population of possible solutions. During each iteration ¢, called a generation, strings in the
current population P(t) are evaluated on the basis of a fitness function. After evaluation, strings
that have high performance (goodness factor) relative to the performance of the other strings in
the population are selected to be used in the next generation (¢ + 1) to create a new population,
P(t+1). This iterative process of creating new strings is called reproduction. To generate a new
population for next generation, usually two selected strings are recombined by specific genetic
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Figure 1. Structure of the population strings.

operators such as crossover and mutation. This process is called recombination. In GAs, the
choice of the fitness function and the genetic operators will dominate the performance.

A population can be represented by an array of strings (individuals) as depicted in Figure 1.
The rows of the array represent strings in a population, and the columns represent the channel
numbers which will be assigned. There are P strings for a population and each string has Q
calls which is the total number of calls in the system. The total number of calls in the system,
® in the model-database, is a sum of the number of calls in all cells which is given by

N
Q=) m 2)
i=1 ;

where each cell 7 has m; calls.

A string S, is composed of N substrings which is the number of cells in the network. Each
substring S; (for cell 7) is composed of m; calls.

For example, the rth string S, in a population P(t) may be S, =(1,2,3,...,j,..., Q)
and a substring .S, for the cell ¢ in string S, may be S,; =(1, 2, ..., m;), therefore, S, = Sy
Sr2 ... Srn. A PxQ two-dimensional array is constructed to implement a number of strings
(a population) as shown in Figure 1. In classical GAs, each gene is represented as a binary
bit, however, in our algorithm we assign an integer value to each gene which represents the
frequency numbers.

3.2. ENERGY FUNCTION

We define the energy function for each constraint. CCC and ACC are considered together
since both constraints can be represented by the value of ¢;; when ¢ 5 j.
1) Energy function for CSC:
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For CSC, the energy function Ecgc, for each cell  is given by

mg
Ecsc, = Y Vi 3)
k=1
where
[ Ui fie = figeany| < cisor | fik — fige—1)| < cis
Vik = {0 otherwise @

Vi, represents the satisfaction state for CSC. If CSC is not satisfied, then V;; = 1. On the
other hand, if CSC is satisfied, then V; = 0.
The energy function for each string S, which includes all cells is given by

N m;

Ecsc=.Y Vi &)

i=1 k=1

2) Energy function for ACC and CCC:
Energy function for ACC and CCC for each string, E4¢ is given by

N mi N ™
Eac =323 Vs ©)
i=1k=1j=11=1
where
: 1 if |fix — fitl <cij
o= {3 i <
1 and j indicate the cell numbers and % and { are call numbers in each cell.
Finally, we consider the total energy function for each string S,
Es, = Ec¢scs, + Eacs, ®)
N m; N mi N my
=22 Vet 223D Viki
i=1 k=1 i=1 k=1 j=1[=1

To reproduce offspring, each string of parents should have a probability to be selected. Our
fitness for reproduction consists of probabilities of selection in order to choose more strings
which have good candidate solutions. The fitness function for this selection is given by

1

Fs, = —poor ©

n=1 Esn

where S, is the string number and P is the population size.

Initial population: The procedure of the initial population for each string is as follows:
1. For the cell i* with the largest number of calls, the channel frequency for the kth call is

given by fi+p = (k — 1) x v + 1. v is the minimal frequency interval in the maximum

LB

demand cell ¢*, and is given by v = l.m_J where LB is the lower bound of the total

number of required frequencies in the sysfem and 7y > cjxix.
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2. For the cell 7 with the next largest number of calls,

a) compute the number of available frequencies in the subgroup whose size is 7.

b) In the available frequency block from step a), randomly choose the frequency.

¢) Randomly choose the frequency subgroup to assign the frequency.
Assign the frequency in the chosen subgroup and assign the next frequency for the
next call by the interval of y with the previously assigned frequency. The assignment
also should satisfy the condition of ¢;;« according to CCC or ACC.

d) Repeat step c) until all calls have the assigned frequencies.

3. Repeat step 2 until all cells have the assigned frequencies.

In the simulation of this paper, the population size is set to be 200. Hence, the initial population
procedures are repeated 200 times.

Reproduction: After calculation of the fitness function, a certain pair of strings should
be selected for the parents. A simple biased roulette wheel is used to select strings for our
experiments. Each string in the population has a roulette wheel slot size in proportion to the
ratio of its fitness over the total sum of fitness in the population. A random number between
0 and 1 is generated for each selection. A string is selected for reproduction if the random
number is within the range of its roulette wheel slot. The copy of the selected string is gathered
into a mating pool, in which they are mated for further genetic operation. Strings which have
higher fitness have higher probabilities of selection so that those with higher fitness produce
more offsprings than those with lower fitness in the next generation.

Crossover: The reproduced strings in the mating pool are mated under crossover operation
at random. Crossover operation is performed with a pair of substrings in the mated strings
for each model. Three crossover techniques are considered: uniform crossover [21], one point
crossover and two point crossover.

— Uniform crossover (XO0): If the random generated probability P, for each assigned
frequency in a substring Sy;, is greater than the crossover probability Py (Fry > Px),
the assigned frequencies are swapped in the mated strings. It is repeated for all frequencies
in all substring S,; where 1 <7 < N.

— One point crossover (X1): If the random generated probability P, is greater than the
crossover probability Px (P, > Py), the crossover point is generated randomly and the
frequency strings after the crossover point are swapped in the mated strings.

— Two point crossover (X2): If P, > Px, two crossover points are generated randomly and
the assigned frequencies between two crossover points are swapped in the mated strings.

Mutation: Mutation is a process to find a new search space by changing the value of
a randomly chosen position in a substring chosen at random. Although reproduction and
crossover operators will search the solution space effectively, occasionally they may lose
some useful solution patterns. The mutation operator will prevent such an irrecoverable loss
and will protect the algorithm from becoming trapped in a local minimum. This will enable it
to jump to the global minimum. In this paper, we consider the five mutation techniques:

— Mutation 1 (M1): If the random generated probability P, is greater than the mutation
probability Pys (P, > Ppr), assign the randomly selected frequency f;; to the 1st call of
the cell i and assign (f;(;—1) +v) to the next call j where 2 < j < m;, according to CSC.

— Mutation 2 (M2): If P, > Py, move the every assigned frequency f;; for the call j in
the cell 5 to the call ((j + [) mod m;) where [ is the randomly chosen integer and [ < +.

— Mutation 3 (M3): If P, > Py, change the every assigned frequency f;; of the call j in
the cell ¢ to (f;; + A) where A is the randomly chosen small integer.

— Mutation 4 (M4) and Mutation 5 (MS):
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Figure 2. The 21 cell system used in this paper.

Table 1. Specification of the problems and simulation results with two point crossover
(X2) and mutation technique MS5.

Problem No, Cell# N, ACC <¢; LB Ave Gen.No. Conv.Rate

1 21 12 1 5 381 2695 49/50
2 21 7 1 5 381 028 50/50
3 21 12 1 7 533 507 50/50
4 21 7 1 7 533 00 50/50
S 21 7 2 7 533 743 50/50

1. For the already assigned frequency of each cell, compare its frequency with the
frequency of other cells.

2. Calculate the frequency difference from step 1 and compare it with the compatibility
matrix.

3. If the frequency difference from step 2 is the less than the value of the compatibility
matrix and P, > Py,

a) My: it is mutated by Mj.
b) Ms: it is mutated by M, and Msj.

In mutation techniques M4 and MS, only when the already assigned frequencies do not fit the
compatibility matrix, it executes the mutation. Therefore, if the already assigned frequencies
prior to the mutation procedure satisfy the compatibility matrix, the mutation process does
not occur since they are already fitted offsprings for the environment.

The energy function, the fitness function and the creating procedures of new strings generate
new populations until the termination condition is reached. Once termination condition is
reached, the best string in the final population will be chosen as the solution. Iteration of GAs

may terminate by determining the maximum number of iterations or after finding the string
Sy which has Eg. = 0.
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4. Simulation Results

The cellular network system for this paper is the 21 cell system [22] which is shown in
Figure 2. The total number of calls is 481, which is the sum of the calls in the total number of
cells. The population size is 200 and the maximum number of generations is fixed at 100. The
algorithm can be terminated prior to the 100th generation if and only if the algorithm could
find the string S, which has Eg, = 0. The crossover and mutation probabilities are set to be
Px = 0.9 and Pys = 0.03, respectively. When multiple mutation techniques are used, the sum
of all mutation probabilities is set to 0.03. Table 1 shows the specification of the problems.
The 5 cases, Problems #1-#5 in Table 1 which were used in [5, 23], are experimented as a
benchmark. N, is the number of cells in one cell cluster and ACC' implies the presence of
adjacent channel constraint (ACC) on adjacent cells. A “2” or “1” in ACC column implies
the presence and absence of ACC respectively. The co-site constraint (CSC) is indicated by
the value in column c;;. LB is the theoretical lower bound of the number of required channels
which is obtained using the bounds in [22]. In [23], 8 problems are considered since the
constants N,, ACC and c;; have two values each. In [23], various algorithms are proposed
and their performance compared in terms of total number of required channels which is
sometimes greater than theoretical LB. However, our paper has a different objective. Our
paper shows the feasibility of GAs in channel assignment problems and the various crossover
and mutation techniques in GAs are proposed and investigated with the given LB as an input.
If the number of available channels are increased as in [23], which is larger than theoretical
LB, the channels for all calls in each cell for remaining three cases, can be assigned without
violation of constraints. The performance of these techniques in GAs are compared in terms of
convergence rate and average generation number to the solution. GA is a heuristic optimization
technique which is not always guaranteed to find the global minimum (e.g., successful channel
assignment without violation of constraints). Therefore, the convergence rate is an important
parameter to compare the performance. A similar objective was pursued in [5, 2, 24] using
neural networks. In [5], the results are also compared in terms of convergence rate and average
iteration numbers, for the cases whose channel assignments are possible with the theoretical
L B. Hence, the remaining three cases are not considered in [5].

Figure 3 (a) and (b) show the compatibility matrices for Problems #1 and #5 as examples,
which have ACC = 1 and ACC = 2 respectively. Figure 3 (c) shows the demand vector
which is used for the simulations. Table 1 also shows the results of simulations with two point
crossover (X2) and mutation technique M5. The average generation number is the average
number of generations until Eg, = 0. Convergence rate is the probability that the experiment
has Es, = 0 before the maximum generation number. To investigate the number of generations
and the convergence rate, S0 simulation runs were performed from the different initial seed
values for random generators for each of the five problems.

In our GAs, the frequencies for the cells are assigned in order of the number of calls in the
cell. In Table 1, Problem #1 with the large N, has a larger average generation number and a
smaller convergence rate than Problem #2 with the small N;, when they have the same value
of ¢;; and same application of ACC. When the value of N, is large, there is more cells in
one cluster and the reusable distance of the same frequency is increased. With the increased
reusable frequency distance, the number of assignable frequencies for other cells within the
minimal frequency interval whose size is v, is decreased. It causes more generation numbers
and less convergence rates. On the other hand, in the case of Problems #1 and #3, Problem # 1
with the small ¢;; has a larger average generation number and a smaller convergence rate than
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Figure 3. Compatibility matrix and Demand vector (a) Compatibility matrix for Problem #1. (b) Compatibility
matrix for Problem #5. (c) Demand vector for all problems.

Problem #3 with the large c;;, when they have the same value of IV, and same application of
ACC. When the value of c;; is larger, LB is increased and the minimal frequency interval -y
is increased. Within the increased interval -y, there will be more assignable frequencies and it
is easier to assign the frequencies without the violation of the constraints for the calls in other
cells

In Problem #4, the generation number is 0. This means that during the initial population
procedure, the frequencies of all calls in every cell, which satisfy the constraints condition,
are found. Problem #5 is the same as Problem #4 except the application of ACC. It shows
that the ACC application causes more generation numbers for the solution with no decrease
in the convergence rate. Table 1 also shows that all problem cases have 100 % convergence
rate except Problem #1 which has 98 %. The convergence rates of our results are equal to or
higher than the ones given in [5]. For example, the convergence rates of Problems #1 and #3
in [5] are 93 % and 100 %, respectively. Also in [5], they fixed a couple of frequencies in
certain cells for the acceleration of the convergence time. The convergence time and rates will
be totally different depending on which cells are fixed and how the frequencies of the fixed
cells are assigned. In our GAs, the frequencies are not fixed. The average iteration number
to the solution for Problems #1 and #3 in [5] is 147.8 and 117.5, respectively. Although the
average generation numbers in GAs and the average iteration numbers in neural networks
cannot be compared directly since they are different in computational complexity, it shows
that the average generation numbers of GAs are relatively smaller.

Another advantage of using GAs in this problem, is the simple hardware implementation
since GAs needs the function of only swapping and shifting, rather than the adder, the
comparator and the inverter as in the neural networks. The second advantageous characteristic
of GAs is its implicit parallelism. In GAs, the all crossover (or mutation) operators of the
strings can be processed at the same time since the outputs of these operators are not used
as the inputs of other operators like in the neural networks. Refer to [3] for the detailed
comparison of genetic algorithms and neural networks.

In [23], the algorithm results are shown from 8 different cases. The 8 difference cases are
from the combination of 3 different techniques in which each of them has two kinds of methods
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Table 2. Comparison of the various crossover and mutation techniques for Problems #1

and #3.
Crossover Mutation Problem #1 Problem #3
Ave.GenNo. Conv.Rate Ave.Gen.No. Conv.Rate

X0 Ml 23.81 33/50 4.89 39/50
X0 M2 20.91 38/50 5.28 49/50
X0 M3 27.60 28/50 5.54 50/50
X0 M4 17.84 44/50 4.44 50/50
X0 M5 23.54 42/50 4.88 50/50
X1 Ml 27.31 35/50 498 50/50
X1 M2 22.99 33/50 4.89 48/50
X1 M3 25.86 23/50 5.51 50/50
X1 M4 20.17 45/50 4.58 50/50
X1 M5 25.37 45/50 4.74 50/50
X2 Ml 28.78 33/50 7.08 48/50
X2 M2 21.61 29/50 8.80 47/50
X2 M3 28.64 28/50 6.95 49/50
X2 M4 22.26 46/50 5.15 50/50
X2 Ms 26.95 49/50 5.07 50/50

(2 x 2 x 2 = 8). The used constraints in [23] are 3 constraints: the co-channel constraint,
the adjacent channel constraint and the co-site channel constraint. The same constraints are
applied in our paper. The basic idea of their algorithm is to list the calls in the cells in some
order. The 3 different techniques used in [23] are follows:
1. According to the frequency assignment methods [25, 4].
In frequency exhaustive strategy, assign the least possible frequency to each call starting
at the top of the list. In requirement exhaustive strategy, assign the frequency #1 to the first
call in the list and reassign the same frequency #1 to all calls in the list if the assignment
does not violates the constraints. Assign the frequency #2 to the next call and other possible
calls, and so on.
2. According to ordering method of the cells.
In node-degree ordering, the cells are arranged in the decreasing order of the degrees
where degree is the heuristic measure of the difficulty of a frequency to a call in that
cell. In node-color ordering, the cells are arranged by the "highest degree first” and ’least
degree last’ heuristics in graph coloring.
3. According to ordering methods of all calls after ordering the cells by using one of two
cell ordering methods.
The matrix of the calls can be listed by row-wise ordering or column-wise ordering.

In [23] the required number of frequencies is larger than the lower bound in many cases. In
our algorithm, the total number of frequencies required was equal to the lower bound number
(LB) since the available frequency spectrum was fixed as a maximum usable frequency
number.

Table 2 shows the average generation number and convergence rate of Problems #1 and #3
for each crossover and mutation techniques. It is shown that the performance of the algorithm
is more greatly affected by the mutation technique rather than the crossover technique for the
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given examples. When the selective mutation techniques (M4 or M5) are used, the convergence
rates are higher since the mutation only occurs when the already assigned frequencies do not
fit the compatibility matrix. With non-selective mutation techniques (M1, M2 and M3), the
assigned frequencies can be changed by the mutation even when the frequencies already fit
the compatibility matrix, and it causes a lower convergence rate.

5. Conclusion

The results observed in this paper show that Genetic Algorithms (GAs) can be applied to obtain
the optimal solution for the channel assignment in mobile cellular environment. GAs have an
advantage over neural networks or simulated annealings in that GAs are generally good at
finding an acceptably good global optimal solution to a problem very quickly. The average
generation numbers and the convergence rates of GAs are shown as a simulation result. The
optimal solution can be found with the small generation numbers and high convergence rates.
An expected outcome of the simulation was that the performance of the algorithm varied
depending on the GAs operators. The comparison of the various crossover and mutation
techniques illustrates that the combination of two point crossover and selective mutation
technique provides the relatively better results. When the number of cells in one cluster are
increased, the generation numbers are increased and the convergence rates are decreased due
to the increased reusable frequency distances. On the other hand, when the minimal frequency
interval is increased with the increased LB, the generation numbers are decreased and the
convergence rates are increased since there will be more assignable frequencies within the
minimal frequency interval for the cells.
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