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Abstract

In this paper, we investigate the optimal assignment problem, which assigns cells in Personal Communication Service to switches on
Asynchronous Transfer Mode network in an optimum manner. The cost has two components: one is the cost of handoffs that involve two
switches, and the other is the cost of cabling. This problem is model as dual-homing cell assignment problem, which is a complex integer
programming problem. Since finding an optimal solution of this problem is NP-hard, a stochastic search method, based on a genetic
approach, is proposed to solve this problem. In this paper, domain-dependent heuristics are encoded into crossover operations, mutations of
genetic algorithm (GA) to solve this problem. Simulation results show that GA is robust for this problem. © 2002 Elsevier Science B.V. All

rights reserved.
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1. Introduction

Recently there has been some interest in extending
Asynchronous Transfer Mode (ATM) technology to the
wireless environment [1—10]. The motivation behind this
extension (termed wireless ATM ) includes the desire for
seamless interconnection of wireless and ATM networks,
and the need to support emerging mobile mutilated services.
However, due to some inherent differences between these
two types of networks, the introduction of ATM into the
wireless environment presents many interesting challenges
[7,10]. These include support for an end-to-end ATM
connection with user mobility, handling high error rate
performance of wireless links, grouping cells into LAs
(location area or cluster), and assigning clusters to switches
in an optimum manner.

The cell assignment problem in Personal Communication
Service (PCS) network was proposed by Merchant and
Sengupta in Ref. [7], which assigns each cell in PCS
network to only one switch on ATM network such that the
total (the sum of cabling and handoff) cost can be
minimized. The problem was formulated as an integer
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programming problem and a heuristic algorithm was
proposed to solve it. They [7] also discussed the dual-
homing cell assignment problem in PCS network by
considering that the calling patterns at different times of
the day could be different. In the dual-homing cell
assignment problem, each cell will be assigned to two
switches and they allowed one to reduce the cost of handoff
by increasing the cost of cables.

If the ATM backbone network is integrated with the PCS
network, the handoff cost considered in Ref. [7] which only
depends on the frequency of handoff between two switches
is not realistic. Since the switch of ATM backbone is widely
spread, the communication cost between two switches
should be considered in calculating the handoff cost. In
Refs. [11-14], the cell assignment problem considered in
Ref. [1] was extended to cell assignment problem in
wireless ATM environment. A solution model [12,14]
consists of five three-phase heuristic algorithms (NSF,
LHWF, GHWF, MLCF, and MCMLCF), two genetic
algorithms (GA) [11] (SGA and EGA), and a simulated
annealing algorithm [13] were proposed to solve the cell
assignment problem in wireless ATM environment. Exper-
imental results showed that these algorithms have good
efficiency.

In the designing of traditional network, robustness of
networks, the ability to perform required communications
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Fig. 1. An example of PCS network and ATM network, (a) PCS network
CG(C, L), (b) ATM network G(S, E).

after a specified set of components becomes unavailable
[15], may be enhanced by various technical solutions.
However, it cannot be fully met without having a sufficient
level of structural redundancy. The most effective and
straightforward means for structural redundancy would be
provided more than one path between any pair of cell and
switches. There exists some network design studies in which
each terminal (user) node is to be provided with redundant
connections to the main hub network for backup services,
this can be viewed as variants of the facility location
problem. Prikul et al. [16] have investigated the concen-
trator location problem where each terminal should be
connected to two different concentrators. Tang et al. [17]
and Narasimhan [18] have dealt with the concentrator
location problem where each terminal has multiple connec-
tions to several concentrators.

In this paper, we are dealing with the topological design
of the two-level hierarchical network, where the upper
network is the ATM backbone network, and the lower level
is the PCS network. The problem of multi-homing cell
assignment problem is assigning each cell in PCS network
to more than one switches on ATM network. In such a
problem, each cell ¢; will be assigned to K; (K; = 1 and
integer) switches and the corresponding K; disjoint links
will be created. If K; is set as 1 for all cells, the problem is
reduced to the cell assignment problem [11,12]. In this
paper, we are concerned about the dual-homing cell
assignment problem where K; was fixed at 2 for all cells.
That is, there are two assignments of each cell in PCS
network, one is the primary assignment and the other is the
secondary assignment.

Under normal circumstances, each cell uses its primary
assignment to communicate. If that connection between cell
and the corresponding switch of the primary assignment
becomes unavailable, the secondary assignment is used.
Such additional switches assignment (hence, reliability and
availability) comes at a cost. The increased cost arises and
also due to the additional switch capacity due to the
additional cabling costs of connecting the cells to their
assigning switches.

In this paper, we are given a group of cells in PCS
network and a group of switches in an ATM network (whose
locations are fixed and known). The problem is to assign
cells to switches in the ATM network in an optimum
manner. We consider the topological design of a two-level

hierarchical network. The objective cost has two com-
ponents. One is the inter-switch handoff cost that involves
two different switches and the other is the cost of cabling
that connects cells to switches of ATM network. We try to
assign cells to switches such that the total cost can be
minimized under some assumptions which will be described
in Section 2.

We first present a mathematical programming formu-
lation for the dual-homing cell assignment problem in
wireless ATM network environment. Since this problem is
an NP-hard problem, this implies that a solution procedure
searching for the optimal solution may not terminate within
a reasonable amount of computing time. In order to deal
with problems of significant size, it is worthwhile develop-
ing an effective GA to solve this problem.

The organization of this paper is as follows. In Section 2,
we formally define the problem. In Section 3, we describe
the backgrounds of GAs. In Section 4, we describe the
details of solution algorithm. The experimental results are
presented in Section 5. Finally, conclusions are given in
Section 6.

2. Problem formulation

This section first provides an overview of various terms
and notations used to explain the concepts outlined in the
subsequent sections. Let n cells in PCS network CG(C, L) be
assigned to m switches in ATM network G(S,E). We
assume that the location of cells and switches, the structure
of ATM network G(S, E) are fixed and known. Assume G is
connected, s, s; in S, and (s, s;) in E. Let (X, ¥, ) be the
coordinate of switch s;, k=1,2,...,m; (X, Y.) be the
coordinate of cell ¢;, i = 1,2, ..., n; and d;; be the minimal
communication cost between the switches s, and s;. Let f;; be
the frequency of handoff per unit time that occurs between
cells ¢; and ¢; € C, (i,j=1,2,...,n) is fixed and known.
We assume that all edges in CG are undirected and
weighted; and assume cells ¢; and ¢; in C are connected
by an edge (c;, ¢;) € L with weight wy;, where w;; = fi; + fji,
wi; = wj;, and w; = 0 [11,12]. Let Iy be the cost of cabling
per unit time and between cell ¢; switch sy, ( = 1,2,...,n;
k=1,2,...,m) and assume [;; is the function of Euclidean
distance between cell ¢; and switch sy, that is, [ =
Ve = X2+ (0, = Y2

Assume the number of calls that can be handled by each
cell per unit time is equal to 1. Let Cap, be the number of
cells that can be assigned to switch s;. Our objective is to
assign each cell in C to two switches so as to minimize (total
cost) the sum of cabling cost and handoffs cost per unit time
of whole system.

Example 1. Consider the graph shown in Fig. 1. There are
10 cells in C which should be assigned to four switches in S.
The weight of edge between two cells is the frequency of
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Fig. 2. A possible dual-homing assignment of Example 1.

handoffs per unit time that occurs between them. Four
switches are positioned at the center of the cell: ¢y, ¢3, ¢y,
and ce.

Assume the matrix CS of the distance between a cell and a
switch is as follows:

S ) §3 Sq

¢ [0 1 7 27
s 1 1 3 3
C3 2 \/?_’ 1 2
C4 1 1 3 B
CS = {ly}ioxa = s o 2 1
cs V3111
c7 ﬁ 2 0 \/g
C8 ’\/§ 1 ﬁ 1
Cq 2 1 \/g 0

o LVT V31 1]

A possible dual-homing cell assignment of Example 1 is
shown in Fig. 2.

To formulate this problem, let us define the following

ATM
Network

Network

Fig. 3. The assignments two cells ¢; and ;.

variables. Let x;, = 1 if the primary assignment of cell ¢; is
assigned to switch s, 5, € S; x, = 0, otherwise. Let
Xy, = 1 if the secondary assignment of cell ¢; is assigned to
switch sg,, s, € S; x, = 0, otherwise. It is important to
note that if a cell is to be connected to the same switch in
both primary and secondary assignments, its cabling cost
should not be double. In order to ensure that the cabling
costs are not double in the event that a cell is connected to
the same switch in both assignments, variables xj, i =
1,2,...,n,k=1,2,...,mare defined as: x; = x;, V xy,, for
i=1,2,...,n and k= 1,2,...,m, where the VvV ° symbol
means the ‘or’ operation [1]. Since each cell should be
assigned to at most two switches, we have the constraints

m
Z Xy, =1, fori=1,2,...,n
k=1

and

m
D> xy, =1, fori=1,2,...,n.
k=1

Further, since we allow the two assignments of the cell can
be the same, the constraint on the call handling capacity of
switch is

> xi, + > xu, = Capy, fork=k =k, =1,2,....m.
i=1 i=1

Thus, the sum of cabling costs can be formulated as:

n m

n m
S hixi =D D Lal, V xiy)-
i=1 k=1 i=1 k=1
To formulate the handoff cost, define variables z;, =
Xig, Xjk,» for i,j=1,2,...,n and ky = 1,2,...,m. Thus, z;;,
equals 1 if both the primary assignments of cells ¢; and c; are
connected to a common switch s, ; otherwise it is zero.
Further, let

Thus, y;; takes a value of 1, if both the primary assignments
of cells ¢; and ¢; are connected to a common switch; 0,
otherwise. With this definition, it is easy to see that the cost
of handoffs per unit time between the primary assignment of

cell ¢; and ¢; is given by

DD > il = v X iy,

i=1 j=1 k=1 =1

The formulation of handoff cost described above is directly
derived from the cell assignment problem in Refs. [11,12].
In the dual-homing cell assignment problem, since each cell
is assigned to two switches in ATM network, the
computation of handoff cost should consider more complex
model. As shown in Fig. 3, assume cell c; is assigned to sy,
and sz, ¢; is assigned to switches s; and s;,, respectively.
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Fig. 4. Four cases of computing multi-homing handoff cost.

There are four possible communication cases between cells
c; and ¢; as shown in Fig. 4. They are: (a) from sy, to s;,, (b)
from s to s;,, (¢) from s, to s5;, and (d) from sy, to s5;, as
shown in Fig. 4(a)—(d), respectively. Thus, the handoff cost
should be computed by the summation (or average) of these
cases. To formulate the handoff cost, several variables are
introduced as follows:

® Ty, =Xy, Xy, for i,j=1,2,...,n and k=k =1 =

1,2,....m.
j— m ..

Vi =Dh=1%k Li=1,2,...,n.

® Zy =Xy Xy, for ij=1,2,...n and k=k =5 =
1,2,....m.
/o m / e

* yilj = ZkZlZijka i,j=1,2,....n.

° Zﬁjk:xikZXj/I, for i,j=1,2,....n and k=k, =1 =
1,2,...,m.
I/ m /I PR

* Yy _Zk:I Zijks 1) = 1,2,...,1’1.

° Zﬁ.}(’,{:xikz);jlz, for i,j=1,2,....n and k=k, =1, =
1,2,....m.
n __ m [/

* y’/ - Zk=1zlijk7 L,]= 1,2,...,}’1.

With these definitions, it is easy to see that the cost of
handoffs per unit time for the best case is given by

n n m m

Handoff = a{ Z Z Z Z wii(1 = yi)Xi, Xj1, di, 1,

i=1 j=1 k=1 =1
n n m m

2 D> D> > will = ¥ Xindi,

i=1 j=1 k=1 L=1

m m
+ Z Z wi(1 = Yixp, X dii,

n
wii(1 = yy )xikzlegdkzlg}-
g iy ey B |

This, together with our earlier statement about the sum of

cabling costs, gives us the objective function:

Minimize : z Z Ly xy + Handoff,
i=1 k=1

where « is the ratio of the cost between cabling and network
costs. That is, our objective is to assign each cell to two
switches so as to minimize (total cost) the sum of cabling
costs and handoffs cost per unit time.

3. Background of genetic algorithms

The Genetic Algorithm was developed by John Holland
at the University of Michigan [19]. GAs are search
techniques for global optimization in a complex search
space. As the name suggests, GA employs the concepts of
natural selection and genetic. Using past information, GA
directs the search with expected improved performance. The
concept of GA is based on the theory of adoption in natural
and artificial systems [19]. In artificial adaptive systems,
adaptation starts with an initial set of structures (possible
solutions). These initial structures are modified according to
the performance of their solution by using an adaptive plan
to improve the performance of these structures. It has been
proved by Holland that repeatedly applying this adaptive
plan to input structures results in optimal or near optimal
solutions [19]. The traditional methods of optimization and
search do not fare well over a broad spectrum of problem
domains [20]. Some are limited in scope because they
employ local search techniques (e.g. calculus-based
methods). Others, such as enumerative schemes, are not
efficient when the practical search space is too large.

3.1. Concept of GA

The search space in GA is composed of possible
solutions to the problem. A solution in the search space is
represented by a sequence of Os and 1s. This solution string
is referred as a chromosome in the search space. Each
chromosome has an associated objective function called the
fitness. A good chromosome is the one that has a high/low
fitness value, depending upon the nature of the problem
(maximization/minimization). The strength of a chromo-
some is represented by its fitness value. Fitness values
indicate which chromosomes are to be carried to the next
generation. A set of chromosomes and associated fitness
values is called the population. This population at a given
stage of GA is referred to as a generation. The general GA
proceeds as follows:

Genetic Algorithm()

Begin

Initialize population;

while (not terminal condition) do
Begin
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Fig. 5. (a) Cell-oriented representation of chromosome structure. (b) Cell-
oriented representation of Example 1.

choose parents from population; / * Selection * /
construct offspring by combining parents; / *
Crossover */
optimize (offspring); / * Mutation * /
if suited (offspring) then
replace worst fit (population) with better offspring;
/* Survival of the fittest =/
End;
End.

There are three main processes in the while loop for GA:

1. The process of selecting good strings from the current
generation to be carried to the next generation. This
process is called selection/reproduction.

2. The process of shuffling two randomly selected strings to
generate new offspring is called crossover. Sometimes,
one or more bits of a chromosome are complemented to
generate a new offspring. This process of complementa-
tion is called mutation.

3. The process of replacing the worst performing chromo-
somes based on the fitness value.

The population size is finite in each generation of GA,
which implies that only relatively fit chromosomes in
generation (i) will be carried to the next generation (i + 1).
The power of GA comes from the fact that the algorithm
terminates rapidly to an optimal or near optimal solution.
The iterative process terminates when the solution reaches
the optimum value. The three genetic operators, namely,
selection, crossover and mutation, are discussed in Sections
3.2-3.4.

3.2. Selection/reproduction

Since the population size in each generation is limited,
only a finite number of good chromosomes will be copied in
the mating pool depending on the fitness value. Chromo-
somes with higher fitness values contribute more copies to
the mating pool than those with lower fitness values do. This
can be achieved by assigning proportionately a higher
probability of copying a chromosome that has a higher
fitness value [20]. Selection/reproduction uses the fitness
values of the chromosome obtained after evaluating the
objective function. It uses a biased roulette wheel [20] to

select chromosomes, which are to be taken in the mating
pool. It ensures that highly fit chromosomes (with high
fitness value) will have a higher number of offspring in the
mating pool. Each chromosome (i) in the current generation
is allotted a roulette wheel slot sized in proportion ( p;) to its
fitness value. This proportion p; can be defined as follows.
Let Of; be the actual fitness value of a chromosome (i) in
generation (j) of g chromosomes, Sum; = >% , Of; be the
sum of the fitness values of all the chromosomes in
generation j, and let p; = Of;/Sum;.

When the roulette wheel is spun, there is a greater chance
that a better chromosome will be copied into the mating
pool because a good chromosome occupies a larger area on
the roulette wheel.

3.3. Crossover

This phase involves two steps: first, from the mating
pool, two chromosomes are selected at random for mating,
and second, crossover site c is selected uniformly at random
in the interval [1,n]. Two new chromosomes, called
offspring, are then obtained by swapping all the characters
between positions ¢ + 1 and n. This can be shown using two
chromosomes, say P and Q, each of length n =6 bit
positions

chromosome P: 1111000;
chromosome Q: 000/111.

Let the crossover site be 3. Two substrings between 4 and
6 are swapped, and two substrings between 1 and 3 remain
unchanged; then, the two offspring can be obtained as
follows:

chromosome R: 1111111;
chromosome S: 0001000.

3.4. Mutation

Combining the reproduction and crossover operations
may sometimes result in losing potentially useful infor-
mation in the chromosome. To overcome this problem,
mutation is introduced. It is implemented by complement-
ing a bit (0 to 1 and vice versa) at random. This ensures that
good chromosomes will not be permanently lost.

4. Genetic algorithm for dual-homing cell assignment
problem

In this section, we discuss the details of GA developed to
solve the dual-homing assignment problem of optimum
assignment of cells in PCSs to switches in the ATM
network. The development of GA requires: (1) a chromo-
somal coding scheme, (2) genetic crossover operators, (3)
mutation operators, (4) fitness function and penalty function
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definitions, (5) a replacement strategy, and (6) termination
rules.

4.1. Chromosomal coding

Since our problem involves representing connections
between cells and switches, we employ a coding scheme
that use positive integer numbers. Cells are labeled from 1 to
n (the total number of cells), and switches are labeled from 1
to m (the total number of switches). The cell-oriented
representation of chromosome structure shown in Fig. 5(a)
consists of two parts. The first part is the primary
assignment of cells, where the ith cell belongs to the v;th
switch, and the second part is the secondary assignment,
where the ith cell belongs to the v, th switch. Since each
cell will be assigned to two switches on ATM network, we
use 2 X n array to represent the assignment of cells. If cell ¢;
is assigned to switches sy , and sy, then v; = k; and v,y =
k,. For example, the chromosome of the Example 1 shown
in Fig. 2 is shown in Fig. 5(b). It is worth noting that, the
cell-oriented representation of chromosome structure can be
divided into two sets which represent the primary assign-
ment and the secondary assignment of cells, respectively.

4.2. Genetic crossover operator

Four types of genetic operators were used to develop this
algorithm:

1. partial single point crossover,

2. global single point crossover,

3. partial cell-exchanging operator, and
4. global cells-exchanging operator.

4.2.1. Partial single point crossover

The partial single point crossover is randomly selecting
two chromosomes (say P; and P,) for crossover from
previous generations and then by using a random number
generator, an integer value i is generated in the range [1, 2n].
This number i is used as the crossover site. All characters
between i+ 1 and 2n of two parents are swapped and
offspring chromosomes O; and O, are generated. The
following example provides the detailed description of
partial single point crossover operation: (assume crossover
site i = 5),

parent Pq:
2233314324411441214412,

parent P,:

1441211441212232243244.

Two substrings between 6 and 20 are swapped, we have:

offspring O;:
2233311441212232243244,
offspring O,:
1441214324411441214412.

4.2.2. Global single point crossover

The global single point crossover is slightly different
from the partial single point crossover, which randomly
selects two chromosomes (say P; and P,) for crossover from
previous generations and then by using a random number
generator, an integer value i is generated in the range [1, n].
Two numbers i and (i 4+ n) are used as the crossover sites.
All characters between i + 1 and n, (i +n+ 1) and 2n of
two parents are swapped and offspring chromosomes O, and
O, are generated. The following example provides the
detailed description of global single point crossover
operation: (assume crossover sites are i = 5 and 15),

parent Pq:
223331432441114412114412,

parent P;:

14412114412122322143244.

First, two substrings between 6 and 10 are swapped, then
two substrings between 16 and 20 are swapped, we have:

offspring O;:
22333114412114412143244,

offspring O,:
14412143244122322114412.

4.2.3. Partial cell-exchanging operator

In partial cell-exchanging operator, two sites of chromo-
some in range [1, 2n] are randomly selected, and the primary
assignment of two cells are exchanged.

For example, before exchanging, we have:

223°33432°4411441214412.

(Assume that the two cells ¢3 and cg are selected) After
exchanging:

222°33433°44111441214412.

4.2.4. Global cell-exchanging operator
In global cell-exchanging operator, two cells in C of a
chromosome [/, n] (say c; and c;) are randomly selected, the
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primary and secondary assignments of two cells ¢;, and ¢;
are exchanged. That is, v; and v;, v, and v, are
exchanging. For example, before exchanging, we have:

223°33432°441144°1214412.

(Assume that the two cells c; and cg are selected) After
exchanging:

222°33433"°441144°12144°12.

4.3. Mutations and heuristic mutations

Five types of mutations are used to develop this
algorithm and the active probabilities of mutations are the
same.

Traditional Mutation (TM). Randomly select a cell of
vector v;, where i in [1,2n] and transform it to a random
number g between 1 and m. The following example provides
the detailed description of traditional mutation: (assume cell
cg is randomly selected and g = 4) before mutating, we
have

22333432°4411441214412.
After mutating, we have:
22233434"°44111441214412.

Multiple Cells Mutation (MCM). Randomly select two
random numbers k, [ between 1 and m, transform the value
of cells value is k to [ and [ to k. The following example
provides the detailed description of multiple cells mutation:
(assume random number k = 3 and [ = 2) before mutating,
we have

2t 2t 3 3% 3%43° 27441144127 14412%.
After mutating, we have
3°3"27 2727427 374411144137 14413,

Heaviest Weight First Preference (HWFP) [11]. Since the
handoff cost involving only one switch is negligible, two
cells can be assigned to the same switch so as to reduce the
handoff cost between these cells. Two cells with higher
weight w;; should have a higher probability of being
assigned to the same switch. Thus, if we consider two
connected cells ¢; and ¢; € C, then the probability of
mutation from v; of cell ¢; to the value v; of cell ¢; is as

follows
Wij
n degree(c;)

% 2

Wij
1

Pij = , fori,j=1,2,....n,

where degree(c;) is the number of cells connected to cell ¢;
in CG.

Minimal Cabling Cost First Preference (MCCFP) [11].
To reduce the cabling costs between cells and switches, we

prefer to assign each cell to the nearer switch rather than the

farther one. Cell ¢; and switch s; with lower cabling cost /;;

should result in higher probability that c; will be assigned to

s Thus, if we consider the randomly selected cell ¢;, then

the probability of mutation from v; of cell c; to the value vy is
Lo — 1

P(i,k) = — ‘max ik

Z (Lmax - lil)
=1

where L, = maxjL, {/;}.

Unique Switch First Mutation (USFM). It is important to
note that if a cell is to be connected to the same switch in
both primary and secondary assignments, its cabling cost
should not be double. That is, if the two assignments of the
cell are assigned to the same switch, the cabling cost will be
reduced. If we randomly selected cell ¢;, then the value of v;
can be mutated to v, Or V4, can be mutated to v; with
equal probabilities. The following example provides the
detailed description of unique switch first mutation: (assume
cell cg is randomly selected) before mutating, we have

22333432°44114412144°12.

After mutating, assume the primary assignment is mutated
to the secondary assignment, we have

22233434"°44114412144°12.

4.4. Fitness function definition

Generally, GAs use fitness functions to map objectives to
costs to achieve the goal of an optimally designed two-level
wireless ATM network. If cell ¢; is assigned to switch s,
and s, , then v; in the chromosome is set as k; and v(;., is set
as k,. Let d(v,-.vj)» d(vhvwn)’ d(v(‘_wv/_), and d(v(iquﬂ)) be the
minimal communication cost between switches s;, and s; ,
sy, and s;,, s, and s;,, 5, and s;, in G, respectively. An
objective function value is associated with each chromo-
some, which is the same as the fitness measure. If v; = v(;1,,
then ¢; =0, otherwise ¢g; = 1. We use the following
objective function: minimize

n n m
OBJ = Z Uivi + qiliviym] + az Z wildw,v) + do, vy,
= =1 k=1

+ d(V(i+n>-,V/) + d("(muavwn)) }-

Note that if assumptions > ¢’ —j xz, = 1, Y&~y xz, = 1, for
i=1,2,...,n,and D' Xy, + D0 X, = 1 = Capy, k =
1,2,...,m are considered with this objective function, we
have a complete problem formulation. While breeding
chromosomes, the GA does not require the chromosome to
reflect a feasible solution. Thus, we need to attach a penalty
to the fitness function in the event the solution is infeasible.
Let n; be the number of cells assigned to switch sy, define
pr =n, — Capy if ng = Capy; ppy =0, otherwise. We
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Fig. 6. H-mesh of the experiments.
rewrite the formulation above in an unconstrained form:
minimize cost = OBJ + II,

where IT= B>} —; py) is the penalty measure associated
with a chromosome, and, B is the penalty weight. Since the
best-fit chromosomes should have a probability of being
selected as parents that is proportional to their fitness, they
need to be expressed in a maximization form. This is done
by subtracting the objective from a large number C,,.
Hence, the fitness function becomes

maximize Cy,,, — [OBJ + I],

where C,,.x denotes the maximum value observed, so far, of
the cost function in the population. Let cost be the value of
the cost function for the chromosome; C,,x can be
calculated by the following iterative equation

Cmax = max { Cmax Y COSt} Y

where Cp,.y is initialized to zero.
4.5. Replacement strategy

This subsection discusses a method used to create a new
generation after crossover and mutation is carried out on the
chromosomes of the previous generation. Several replace-
ment strategies have been proposed in the literature, and a
good discussion can be found in Ref. [20]. The algorithm
developed here combines to both the concepts maintained
above. Each offspring generated after crossover is added to
the new generation if it has a better objective function value
than both of its parents. If the objective function value of an
offspring is better than that of only one of the parents, then
we select a chromosome randomly from the better parent

Table 1
Test sets of the wireless ATM network

Set No.  No. of cells (n)  No. of switches  Cap a B

—_

16 8 8 1.0
2 100 20 20 0.8

100 000
100 000

Different values of mutation probability for n=16
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c0000 — ----pm=0.00 ——pm=0.05
2\\ H ——pm=0.10 — pm=0.15

J
-+ pm=0.20 ——pm=0.25

s0000 |—#
L\

40000

30000

Total cost

20000

10000

Cpu Time (seconds)

Fig. 7. Experimental results of different values of mutation probability for
Set 1 (n = 16).

and the offspring. If the offspring is worse than both parents,
then each of the parents is selected at random for the next
generation. This ensures that the best chromosome is carried
to the next generation, while the worst is not carried to the
succeeding generations.

4.6. Termination rules

Execution of GA can be terminated using any one of the
following rules:

R1: when the average and maximum fitness values
exceed a predetermined threshold;

R2: when the average and maximum fitness values of
strings in a generation become the same; or

R3: when the number of generations exceeds an upper
bound specified by the user.

The best value for a given problem can be obtained from
a GA when the algorithm is terminated using R2 [20].

5. Experimental results

In this section, we present the experimental results of the
GA. The description of the experimental results is divided
into four subsections. First, in Section 5.1, we describe that
the effect of the mutation probability. In Section 5.2, we
describe the effect of the crossover probability. In Section
5.3, we describe the effect of population size. Finally in
Section 5.4, the effect of the heuristic mutations is
examined.

In all the experiments, the implementation language is C,
and all experiments were run on Windows NT with a
Pentium IT 450 MHZ CPU and 256MB RAM. We simulated
a hexagonal system in which cells were configured as an H-
mesh as shown in Fig. 6. We assumed that the antenna for
each cell was at the center of the cells, and was also assumed
to be at the center of the cells. Switches are located at the
same position of cells which are randomly selected from the
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Different values of mutation probability
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Fig. 8. Experimental results of different values of mutation probability for
Set 2 (n = 100).

cells. The cabling cost between a switch and a cell was taken
to be proportional to the geometric distance between the
two. The topology of the backbone network is assumed to be
a complete graph and the communication cost between two
switches is assumed to be proportional to the geometric
distance. The handoff frequency f;; for each border was
generated from a normal random number with mean 100
and variance 20. Two different set of cells and switches
shown in Table 1 are used to test the performance of the

algorithm.

5.1. Effect of mutation probability

To examine the effect of the mutation probability of GAs,
we set population size (popsize) = 100, crossover prob-
ability (P) =1.0, maximum number of
generations = 3000, and mutation probability is selected
from {0.00, 0.05, 0.10, 0.15, 0.20, 0.25, 0.2, 0.25}. The
results shown in Figs. 7 and 8 are the best solution of
different values of mutation probability after 10 runs of Set
1 and Set 2, respectively. In Fig. 7, we found that when the
mutation probability is lower than (0.15), GA can find the
best solution. If the mutation probability is higher (0.20 or
0.25), the GA may get trapped in local minima. In Fig. 8, for

Minimal Cost of different value of Pm

160.00%
B Tt
100.00% M&s%

80.00%
60.00%
40.00%

20.00%
0.00%

Ratio to minimal cost

0.00%  0.05% 0.10% 0.15% 0.20% 0.25%

Mutation Probability

Fig. 9. The total cost ratio of different values of mutation probability for Set
2 (n = 100).

CPU time in seconds of different value of Pm
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3150.00 —¢f
3140.00

3130.00
3120.00

Second(s)

0.00% 0.05% 0.10% 0.15% 0.20% 0.25%
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Fig. 10. The CPU time ratio of different values of mutation probability for
Set 2 (n = 100).

the Set 2, we found that when the mutation probability is
(0.05), GA can find the best solution.

Let Cp, be the average result of the GA running in
mutation probability Py, in 10 runs, and let the known best
solution total cost be the OPT. The total cost ratio computed
by Cpm/OPT% of Set 2 is shown in Fig. 9. The CPU time of
different values of mutation probability for Set 2 is shown in
Fig. 10. From Figs. 9 and 10, we can conclude, for the Set 2,
if Py, is set as 0.05, GA have the best result and efficiency.

5.2. Effect of crossover probability

To examine the effect of the crossover probability of
GAs, we set population size (popsize) = 100, mutation
probability (P,) is 0.05, maximum number of
generations = 3000, and crossover probability is selected
from {1.00, 0.95, 0.90, 0.85, 0.80, 0.70, 0.60, 0.50}. The
results shown in Figs. 11 and 12 are the best solutions of
different values of crossover probability after 10 runs of Set
1 and Set 2, respectively. In Fig. 11, we found that when the
crossover probability is greater than (0.85), GA can find the
best solution. If the crossover probability is lower (0.50),
the GA may get trapped in local minima. In Fig. 12, we

Different values of crossover probability
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40000

Total cos

30000

20000

10000

s 13 25 335 4as 55 65

CPU time (secons)

Fig. 11. Experimental results of different values of crossover probability for
Set 1 (n = 16).
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Ditferent values of Crossover probability for n=1000
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Fig. 12. Experimental results of different values of crossover probability for
Set 2 (n = 100).
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Fig. 13. The total cost ratio of different values of crossover probability for
Set 2 (n = 100).
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Fig. 14. The CPU time ratio of different values of crossover probability for
Set 2 (n = 100).

found that when the crossover probability is (1.00), GA can
find the best solution.

The comparison of different values of crossover
probability for Set 2 is shown in Fig. 13. The CPU time
of different values of crossover probability for Set 2 is
shown in Fig. 14. We found that when P, = 1.0, GA can
find the best solution. From Figs. 13 and 14, we can
conclude, for the Set 2, if P, is set as 1.00, GA have the best
result and efficiency.

5.3. Effect of population size

To examine the effect of population size of GAs, we set
crossover probability (P.) is 1.00, mutation probability (P,,)
is 0.05, maximum number of generations = 3000, and
population size is selected from {100, 200, 300, 400, 500,

Different values of population size for n=16

70000
— popsize=100 - popsize=200
60000 — popsize=300 + popsize=A00 [
--~-popsize=500 - = -popsize=600
50000 ——popsize=700 - popsize=800 !
2 ——popsize=900  —— popsize=1000
é 40000 :
g 30000
F
20000
10000

CPU time (seconds)

Fig. 15. Experimental results of different values of population size for Set 1
(n = 16).
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Fig. 16. Experimental results of different values of population size for Set 2

(n = 100).

Different values of population size
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Fig. 17. The total cost ratio of different values of population size for Set 2
(n = 100).

600, 700, 800, 900, 1000 }. The result shown in Figs. 15 and
16 are the best solution of different values of population size
after 10 runs of Set 1 and Set 2, respectively. In Fig. 15, we
found when the population size is greater than 100 (except
500), GA can find the best solution. In Fig. 15, for Set 2, we
found that when the population size is (300), GA can find
the best solution.

The comparison of different values of population size for
Set 2 is shown in Fig. 17. The CPU time of different values
of population size for Set 2 is shown in Fig. 18. We found
that when popsize = 300, GA can find the best solution.
From Figs. 17and 18, we can conclude, for the Set 2, if P, is
set as 300, GA have the best result and efficiency.
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Different values of Population size
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Fig. 18. The CPU time ratio of different values of population size for Set 2
(n = 100).

5.4. Effect of heuristic mutation

To evaluate the effect of the heuristic mutations
described in Section 4.3, we simply constructed a trivial
GA called TGA (trivial GA). The crossover operations
of TGA were the same as our genetic algorithm (OGA)
but the mutation operations were not. The mutation
operation used in TGA is only the traditional mutation
(TM) described in Section 4.3. The network Set 2
shown in Table 1 was used in experiments and the
parameter of two GAs are set as P, = 0.05, P, = 1.0,
and popsize = 300. Fig. 19 shows the best results in 10
runs of two GA (OGA and TGA). Observe the results
shown in Fig. 19, the total cost of our GA decreases
rapidly and is better than TGA. That is, heuristic
mutations in OGA can decrease the total cost and keep
the cost from getting trapped a local minima.

6. Conclusions

In this paper, we investigate the dual-homing cell
assignment problem which optimally assigns each cell
in PCS to two switches on ATM network. This problem
is currently faced by designers of mobile communi-
cation service and in the future, it is likely to be faced
by designers of PCS. Since finding an optimal solution
of this problem is NP-hard, a stochastic search method
based on a genetic approach is proposed to solve it.
Simulation results showed that GA is robust for this
problem. In our methods, cell-oriented representation is
used to represent the cell assignment; three general
genetic operators, selection, crossover, and mutation
were employed. Four types of operators (partial single
point crossover, global single point crossover, partial
cell-exchanging crossover and global cell-exchanging
crossover) and five types of mutations (TM, MCM,
LHWFP, MCCFP, and USFM) are employed in our
method. Experimental results indicate that the algorithm
can run efficiently.

1000000
900000 % —— OGA|[———
800000 x e TGA [

700000 \
600000

500000
400000 A%%

300000

Total cost

200000

100000

0

0 1000 2000 3000 4000
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Fig. 19. Comparison of OGA and TGA Set 2 (n = 100).
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