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Registration Area Planning for PCS
Networks Using Genetic Algorithms

Tsan-Pin Wang, Shu-Yuen Hwang, and Chien-Chao Tseng

Abstract—In a personal communication services (PCS's) net-  Due to the huge numbers of users and the small sizes of
work, the signaling traffic required to support user mobility is cells in PCS networks, the signaling required to support user
extremely high due to the huge numbers of users and the small mobility, e.g., paging and location updating, is significant. RA

sizes of cells. The requirement to minimize this traffic increases . . . . .
the importance of registration area (RA) planning in the PCS planning has therefore been playing an increasingly important

network design. In the literature, several heuristic algorithms role in improving the PCS network performance. In general,
have been proposed for RA planning, however, they may get RA dimensioning [9], [10] is based on the tradeoff between the

trapped into local minimums and may lack robustness. In this  amount of signaling caused by paging and location updating.
paper, we reformulate the problem of RA planning as a cost- ag the sizes of the RA’s increase (decrease), the paging cost
optimization problem and propose genetic algorithms for RA . .
planning in PCS networks. Simulation resuilts show that genetic Incréases (decreases) and the LU cost decreases (increases). An
algorithms are robust for RA planning. RA planning algorithm during the design of a PCS network
should be able to minimize the overall network location
updating and paging cost.

In the literature, there has been little research on RA
planning for PCS networks [9]-[12]. RA planning decomposes

.- INTRODUCTION a group of cells into RA’s in which LU traffic is mini-
PERSONAL communication services (PCS’s) networRiized without violating the paging bound. It can be mapped
[2], [3] is a digital communication system that enable#to a graph-partition problem, which is a well-known NP-

subscribers to initiate or receive calls at any time from argomplete problem [13]. Consequently, an exact search for
location. To do this, the system must support the mobiligptimal solutions is impractical due to exponential growth in
of users and be able to find users as they move from celecution time. Previous researchers have used graph models
to cell (roaming. Thus, a called portable must be locatetb represent RA planning and utilized greedy approaches to
before a connection can be established [4], [5]. There agelutions. Gamst [9] proposed a graph theoretical model and
two alternatives to this task: paging and registration. Pagingdgesented a greedy method for RA planning. Markoulidakis
impractical since a PCS network may cover an extremely largeal. [10], [11] proposed two heuristic algorithms to obtain
area. In the registration scheme [6], the system area is dividegiter results by adjusting the border weights in future mobile
into several RA’s (or location areas in cellular networks). Ikelecommunication networks. Plehn [12] proposed a weighted
general, an RA consists of an aggregation of cells formingggaeedy algorithm that consists of two phases—the merge and
contiguous geographical region. exchange phases. According to their experience, the algorithm

When a portable enters a cell which belongs to a differeperformed superior to previously used methods. Although
RA, alocation updat€LU) procedure that informs the networkheuristics has been proposed to obtain better results, RA
about the portable’s new location is performed. When anning was generally based on the hill-climbing algorithm.
portable is called, first the RA being traversed by it is However, hill-climbing [14] approaches may get trapped
determined and then a paging procedure is applied withimto local minimums and lack robustness. In addition, the
that RA to identify the specific base station servicing itgraph theoretical models have the following drawbacks.
connection. During the paging process, every base station in) A tradeoff between LU traffic and preset configurations
the RA broadcasts a specific message to inform the portable (soft preset is impossible. A preset is a given in an

this connection request. Both LU and paging generate network RA configuration that might have been planned in a
traffic overhead in PCS networks and consume the scarce radio previous state of expansion of the network or might have
resource. Moreover, LU also increases the load of distributed  peen fixed by the planning engineer. In practice, presets
location databases and thus increases the implementation com- are generally required in PCS network design due to

plexity of the databases [7], [8]. the existing network configuration. The advantage of

_ _ _ _ presets is that they provide a network designer a way
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belong to a certain RA only when this preset does not Procedure hill-climbing
significantly increase network cost. Bard preset on {C is the set of all borders.}
the other hand, is inviolable. {S is the solution set.}

2) They cannot support soft constraints. A soft constraint  begin
allows some violation, for example, the paging bound S=¢;

P - o
can be broken if it greatly reduces LU traffic. x = select the border with maximum cost from C;

The graph theoretical approach aims only to minimize network S=S§-{x}

cost. It does not quite hit the actual problem. Moreover, some C=C-{x}

paging bandwidth may be locally reserved for network growth, if S violates the paging bound then
e.g., cell splitting in heavy-load areas. S=5uU{x}

To overcome these drawbacks, formulating RA planning as ~ While (C is not empty);
a cost-optimization problem is obviously superior to conven- report 5;
tional graph theoretical models. Genetic algorithms [15], [16]
have been considered as robust stochastic search algoritfigst: A hill-climbing algorithm for RA planning.
for various optimization problems. In this paper, we propose

genetic algorithms for RA planning in PCS networks. model for optimization. In graph models, a PCS network
The organization of this paper is shown as follows. Igonfiguration is defined by a weighted (undirected) graph

Section Il, we formally define the RA planning problem¢ — (V,E, f,g), whereV is the set of verticesE is the

In Section lll, we present a brief introduction to genetiget of edgesf is a function whose domain i, andg is a

algorithms and propose a genetic approach for RA planning.flthction whose domain is. Each vertex represents a cell,

Section IV, we provide details on customizing RA planningand each edge denotes a border between cells. The funtion

The simulation results are presented in Section V. Finally, &signs weights called paging cost to the vertices,iand the

end

conclusion is given in Section VI. function g assigns weights called LU cost to the edgeszin
In this model, the hill-climbing algorithm shown in Fig. 1
II. RA PLANNING is performed to explore the solution. Edges in gragh

Proper design of RA's is based on a tradeoff between pagiﬂrgz removed only when the removal would nt violate the

traffic and LU traffic. Generally, paging traffic is less criticaPh ing botmd forf aml/ tRA' T)'”'C“mbm? algorlthrr?s iﬂs;”le q
than LU traffic [9] since LU affects not only the radio resourcet, € correctness of solutions Dy preventing searches fnat lea
illegal nodes, however, they do not ensure optimal or even

but the load of distributed location databases as well, so tWe . ) .
optimization goal is to minimize LU cost without violating thenear—op_Uma_I solut|o_n_s. l\_/lorepver, supporting soft presets and
paging bound of each RA. In this paper, a general definition 8?nstra|.nts is nontrivial in this model. .

RA planning will be examined. Our RA planning objective is 'T‘ _th's_ paper, we_formglate RA planning as a cost-

to minimize LU traffic on the network subject to the constraintgPtimization problem in which solutions are described by a

such as the paging bound of each RA, preset configuratio&g,st function and techniques for minimizing (or maximizing)

and other specific constraints e cost function. We also remove constraints by means of a
In general, paging traffic is proportional to the number 0\1|ve|ghted penalty function that assigns weights according to

calls to all portables in the RA while LU traffic is proportionalCcmStraInt importance. Thus, RA planning is reduced to the

. . t-optimization problem.
to the number of portables crossing RA borders. Prior {5 °P P L
P g Consequently, letX denote the set of objectives anid

the RA planning procedure, PCS network designers must tth  of traints. where th | of RA planni
collect these data as input parameters. Although obtainihegmeSen € set of constraints, where the goal 0 pranning

these data may present considerable difficulty in practice,:ﬁﬁlto m'|n|m|ze a cost functioF(X,Y), which is defined as
can be accomplished in the following ways. Markoulidakis and'oWs:

Sykas [17] proposed a model to estimate location update and _ ‘ ‘ .
handover rate for mobile communication, and practical PCS FX,Y) = Z wif(Xi) + Z u9(Y) (1)

) o X, in X Y, inY
networks such as the global system for mobile communications " am

(GSM) may provide data that enable an approximation of thig,a e, andu; are weights for the objectiveand constraint
information. Without loss of generality, we may assume theﬁ respectively. The objective functiofi is a function that
that these data are already available. The basic assumpu%s from objectives to costs and contributes to the RA

used in this paper are shown as follows. _planning goal. The penalty functionis a function that maps
1) Cell planning has been done. In each cell, LU and pagifi@m constraints to costs and punishes violation of constraints

traffic have been estimated. such as paging bounds, soft presets, and others. The objective
2) Each RA contains a disjoint set of cells—RA overlapand penalty functions are calculated using the configuration

ping is not allowed in this paper. graph making this model a general form of RA planning.
3) The bandwidth available for paging in each RA, i.e., theor special cases, let X contain only the total LU cost and

paging bound, is limited. Y contain only the paging bound constraint, where our goal is

Based on these assumptions, we first describe the graphminimize the LU cost without violating the paging bound
models and relevant algorithms and then derive a genecahstraint as previous work.
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In

1)

Fig. 3. An RA planning result for Fig. 2.

We use a simple example of the H-mesh configuration [18]
with dimension 2 to illustrate RA planning as shown in Fig. 2.
In this example¢; denotes the paging cost of tlid cell and
b; denotes the LU cost of thé&h border. Assume that the
paging bound for each RA is 30 for alland¢; = 10 and
i =25, 6, 8 10, 12, andb; = 100, otherwise b, = 50. Fig. 3
shows the optimal result for this exampl&:Al consists of
cells 1, 3, and 4,RA2 consists of cells 2 and 7, anBA3
consists of cells 5 and 6.

2)

Genetic algorithms have been applied to various optimiza-
tion problems. In general, they use a penalty function to
encode constraints and allow a search for illegal nodes, e.g.,
a node may violate the paging bound. Allowing a search for
illegal nodes may prevent falling down into a local minimum
and generate a better solution. It is well suited to the cost-
optimization model we propose for RA planning. In this 3)
section, we first review the fundamentals of genetic algorithms
and then describe the representation and fitness function for
RA planning.

GENETIC APPROACH TORA PLANNING

A. Fundamentals of Genetic Algorithms

In principle, genetic algorithms [15], [16] are adaptive
procedures that find solutions to problems by an evolution-
ary process based on natural selection. In practice, genetic
algorithms are iterative search algorithms with various applica-
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Gene #: (1..m)

Fig. 4. A chromosome.

tions. They combine survival of the fittest, genetic operations,
random, but structured searches, and parallel evaluation of
nodes in the search space.

general, genetic algorithms maintain a population of

individual candidate solutions to specific domain challenges.
An individual can be represented by a strimpiomosomeas
shown in Fig. 4. During each iteration, or called generation,
the individuals in the current population are rated for their
fithess as domain solutions. The fitness function evaluates the
“goodness” of each individual. As a result of this evaluation,
a new population of candidate solutions is generated using
specific genetic operators. Generally, genetic algorithms make
use of three primary operators callsélection, crossover, and
mutation which are described below.

Selection (or Reproduction)ndividuals in the popula-
tion can be heuristically or randomly initialized. The
population of the next generation reproduces using a
probabilistic selection process. Practically, reproduction
allocates offspring strings using a roulette wheel [15]
with slots sized according to fitness as shown in Fig. 5.
In this example, the fitness of chromosomes 1, 2, and 3
are 20, 30, and 50, respectively, and the percentage of
chromosomes 1, 2, and 3 are 20% (20/2@0 + 50),
30% (30/20+ 30 + 50), and 50% (50/26+ 30 + 50)

in the offsprings, respectively. Thus, individuals with
higher fitness have more chances to reproduce. In order
to guarantee the convergence [19] of genetic algorithms,
the best individuals from the previous population along
with a fixed percentage, called the clonation percentage,
is retained in the new one. This also assures a more
efficient search of the solution space.

Crossover After reproduction, crossover proceeds with
a probability p.. This operator takes two randomly
chosen parent individuals as input and combines them to
generate two children. This combination is performed by
choosing two crossing points in the strings of the parents
and then exchanging the allelic values between these
two points as shown in Fig. 6. The crossover operator
provides a powerful exploration capacity by exchanging
the information from two parents.

Mutation The crossover operator may lead to falling
into a local minimum of the fitness function because gen-
erated children tend to be very similar to their parents.
In order to reduce this phenomenon, mutation operates
with a probability p,,, and creates new individuals by
modifying one or more of the gene values of an existing
individual, as shown in Fig. 7. It provides a random
search in the problem space and prevents complete loss
of genetic features through selection and elimination.
Thus, the mutation operator reduces the probability of
falling into a local minimum of the fitness function.
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®

No. | Chromosome | Fitness | % of Total @ 20%
1 0101 20 20%
2 1001 30 30% 0% ©)
3 1101 50 50% 30%

(@) (b)

Fig. 5. Simple selection allocates offspring chromosomes using a roulette wheel with slots sized according to fitness.

Before Crossover Procedure genetic algorithm
00(0060]0 {Pop is the population set}
111111 {gen is the generation number}

After Crossover begin
60(111]0 Preprocess;
11|000]1 gen = 0;

initialize Pop(gen);

Fig. 6. Two-point crossover @denotes a crossing point). while (not termination condition) do

begin
Before Mutation 00[0]|0600 evaluate Pop(gen);
Mutation Point l select Pop(gen);
After Mutation 001|000 recombine Pop(gen);
) . gen := gen + 1;
Fig. 7. Mutation. end
postprocess;

Following reproduction, crossover, and mutation, the new end

population is ready for testing. Genetic algorithms decode né&ig- 8- A genetic algorithm.

strings, calculate fithess, and then generate a new population.

Fig. 8 depicts the outline of a genetic algorithm. The recom- 2) Border-Oriented RepresentatiprBorders are labeled
bination process invokes a set of genetic operators, such as from one to the total number of borders. The border

crossover and mutation. representation of chromosome structure is shown in
The construction of a genetic algorithm for any problem can Fig. 10(a), wherey; = 1, and is the borde (b;), which

be separated into the following tasks. exists in RA planning, otherwise; = 0. For example,
1) Choose the representation of the genetic chromosome. the chromosome of the example shown in Fig. 3 is
2) Design a set of genetic operators. shown in Fig. 10(b).
3) Define the fitness function. . _ Choosing cell- and border-oriented representation is a trade-
4) Determine the probabilities controlling the genetic opff. Cell-oriented representation is excellent for evaluating

erators. paging cost, but poor at evaluating LU cost. On the other

Each of the tasks above may greatly affect the quality dfnd, border-oriented representation is superior to cell-oriented
obtained solutions as well as the performance of the genatipresentation at evaluating LU cost, but inferior at evaluating
algorithm. In the following sections, we examine how each gfaging cost. Without loss of generality, we concentrate mainly
them applies to the problem of RA planning. on border-oriented representation hereafter.

B. Representation C. Genetic Operators
In our study, two representation schemes were used toThere is no special genetic operator designed for RA plan-
encode the RA planning problem—cell- and border-orientedhing. Three general operators discussed in previous sections

1) Cell-Oriented RepresentatiorCells are labeled from are used to explore the state space.
one to the total number of the cells and RA’s are 1) The selection operator produces individuals with higher

labeled from one to the total number of RA’s. The potential to be optimal solutions.
cell representation of chromosome structure is shown2) The crossover operator explores the solution space by
in Fig. 9(a), where théth cell belongs to the;th RA. exchanging the information from two parents.

For example, the chromosome of the example shown in3) The mutation operator provides opportunities for long
Fig. 3 is shown in Fig. 9(b). jumps from local minima.



WANG et al: REGISTRATION AREA PLANNING FOR PCS NETWORKS 991

Cell #: (1..n)

(@) (b)

Fig. 9. Cell chromosome structure of the RA planning.

Border #: (1..m)

v | vaf vaf vt Um |1|1|1|1I0|0|1|0|1|0|1|0|

(@) (b)

Fig. 10. Border chromosome structure of the RA planning.

D. Fitness Function

Generally, genetic algorithms use penalty functions to pun-
ish violations of constraints. The penalty function of paging
bound for RA planning is shown below

calls arrive for portable A

Cpaging = »_ max(0, (PAGE() — BOUND))  (2)

=1

portable A

wherem denotes the total number of RA’s, PAGE denotes
the paging traffic of theth RA, and BOUND represents the
paging bound. This penalty function punishes the violation of
the paging bound for each RA. Fig. 11. Example of useless location updating.
Thus, the cost function is equal to the total cost generated by
LU traffic plus the paging penalty as shown in the foIIowingI'E

portable A

Initial Population

Individuals in the population can be initialized randomly
or heuristically. We use the result of hill climbing as one
individual and randomly generate other individuals to con-
wherem denotes the total number &fA’s, LU (i) denotes the struct the initial population. Moreover, the preset of the cell
LU traffic of the ith RA, and parameterd and B are used configuration (either soft or hard presets) also provides the
to balance the relative importance of the penalty function aiformation of constructing the initial population.
the objective function.

In border-oriented representation, igtbe the total number
of bordersw; represent the crossing intensity of ttle border, IV. CUSTOMIZING RA PLANNING
andv; be the value of théth chromosome (either zero or one). |, this section, we discuss some details of applying genetic
For the sake of convenient computation, the cost function fﬁfgorithms to RA planning.
border-oriented representation could be rewritten as follows:

A& ,
Cost= 5 Zz:; Ll](L) +DBx Cpaging (3)

A& A. Useless Location Updatin
Cost= 5 Z vow; + B X Cpaging- (4) P 9

=1

Useless location updating [10] refers to the case of subse-
quent LU’s without using the updated information as shown in

Since the selection operator will try to maximize the fitnegsig. 11. In this example, the LU in RA2 is a useless location
fUnCtion, we need to convert the cost function into maXimiZEdeating since no calls arrive for portab|e A during the time
tion form. This can be done by defining the fitness funCti%riod that the portab|e A was in RA2. As we mentioned in
as follows: Section |, the reason for updating location information is to
make the network be able to locate a portable whenever this
portable is called. Thus, useless location updating indicates

where C,.... denotes the maximum valugoserved so faof the waste of signaling and database access. It is not necessary

the cost function in the population. Let cost be the value of tﬁgr a portable to perform LU's much more frequently than

cost function for the chromosome, af4,. can be calculated the portable receves 'ca'lls. To Improve the network perfpr-
by the following iterative equation: mance, we should minimize the probability of useless location

updating.
Crnax = max(Clyax, COSD (6) The probability of useless location updatidg,, can be
defined as the probability of two subsequent LU’s caused by
where C,,,x is initialized to zero. the same portable traversing an RA without the arrival of any

Fitness= C,,,,x — Cost (5)
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C. Improving Algorithm Performance

Although genetic algorithms work well for RA planning, we
propose some techniques to improve algorithm performance
and run-time efficiency.

@) 1) Probability of Mutation: In the beginning of the algo-
rithm, we may initialize a large mutation probability value to
where the notation used is listed as follows: search a larger state space. However, this might not obtain
tm time interval between the previous phone call to Better results as the algorithm near convergence. We resolve
portab|e and the time when the portab|e moves Omis prOblem by deCfeaSing the probablllty of mutation by half
of the RA; after a predefined number of generations, for example, 100
t. independent and identically distributed randor§€nerations.
variable which represents the time interval between 2) Heuristics: It is easy to encode search heuristics in
two consecutive calls directed from an RA to &enetic algorithms using the mutation operator. In this paper,
portable; we propose two heuristics to improve the performance of
f.(t)  density function for the random variabtg; genetic algorithms.
fm(¥) density function for the random variabteg,. 1) Large-Weight PreferencéNe prefer to remove borders

The following equation is then added to the cost function and ~ With large weights, e.g., the probability of mutation from
affects the fithess function: one to zero of large weights is also large as shown in

incoming calls as follows

o0 te
Pulp = P[trn < tc] = / / frn(trn)fc(tc) dtrn dtc
t.=0Jt,,=0

the following:
C(ulp =Cx Pulp (8) W;
_ o . P,(i)= L. (12)
where C is the parameter for adjusting the weight of the ij
useless location updating. The fithess function handles the 7

fitness of genetics such th@t,;;,, reduces the impact of useless

location updating. On the other hand, we also prefer to add borders with

lower weights in a similar manner.
2) Relatively Large-Weight Preferenc®Ve prefer to re-

B. Presets and Constraints move borders with large weights relative to their neigh-

A preset or constraint can be defined by a string=
(v1---v; - -v,), wheren is the number of cellsy; = 1 if
the ith border is necessary to exist, = 0 if the ith border
is necessary to remove, otherwisg,= *, which ignores the

bors. The weights are adjusted relative to the minimum
weight in the same RA, calletklative weights These
relative weights () are then used to calculate the
probability of mutation as follows:

ith border. For example, we preset assignment of cells 1 and

w;
2 to the same RA, i.e., border 1 is not necessary to exist in "= (13)
the example shown in Fig. 2. The preset strings equal to . ;;i
(0% -, i) = - (14)
The penalty function of the presé}..... can be defined as Z”
the following: I
n where m; represents the minimum weight of borders
Vireset = Zf(bi’”i) 9) including the border, which constitutes a single RA.
=1 Note that these heuristics implies extra processthgt
is proportional to the number of borders and the number
where . )
) of chromosomes in the generation because we need to
Flbs0) = {0, if by = v; Or v = * know the RA which each border belongs to. To avoid
1, otherwise. this overhead, the authors suggest that these heuristics

In a similar manner, we can compute the penalty of con-  Should not be frequently applied.

straint V.. The following equations are added to the cost
function to deal with soft (hard) presets and constraints:

C —DxV (10) We simulated a hexagonal system in which the cells are
preset — preset . .
O —ExV 11 configured as am mesh[18]. The paging cost for each cell
e =8 X Ve (11) and the crossing intensity for each border were generated

However, large parameters may outweigh the importangéqm a normal random number with mean 100 and variance
on the other hand, small parameters may lead to generatféh The paging bound per RA was 800 in our simulations.
of illegal solutions. Finding appropriate parameters is not Ehe parameters used by the genetic algorithm throughout the
trivial job. A postprocessing stage is necessary to filter oftmulations are listed below.
illegal solutions in dealing withhard presets or constraints. 1) Population size= 20.

V. SIMULATION RESULTS

1Assumet,,, andt, arei.i.d. with exponential distributions, so this equation 2This overhead should not be the disadvantage of our approach since
can be greatly simplified [7]. heuristic approaches of graph theoretical models require the same processing.
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TABLE |
COMPARISON OF HiLL CLIMBING AND GENETIC ALGORITHM IN TERMS OF THELU CosT
Hill-Climbing | Genetic Algorithm
H-Mesh | # 0f cells | Mean|Variance | Mean Variance Improvement(%)
n=3 19 1391] 33163 1141 6166 22%
n=4 37 3870 122408 | 2991 24847 29%
n=2>5 61 6681| 115601 5846 91531 14%
n==6 91 11070| 148928 | 10068 215639 10%
10000 5000
9000 4 H-Mesh, n = 5 4600 - -
%I s000 e Hill Climbing L o Genetic Algorithm
- U | . c .
C o Genetic Algorithm 4200 * Hill Climbing
O 7000 C
S O 3800
T 6000 —o— %
T 3400 |
5000 T T T T T T T 1
0 100 200 300 400 500 600 700 800 9001000 3000 — — T 7T

T T
Generations 0 100 200 300 400 500 600 700 800 9001000

Generations
Fig. 12. A tradeoff between LU cost and execution time in a single run.

Fig. 14. H mesh: = 4. Results of RA planning over 100 runs.

1700 -5
1600 o Genetic Algorithm 8500

{JI 1500 ° Hlll Cllmbmg 8000 [e] Genetic Algorithm

C 1400 - L 7500 e Hill Climbing

O 1300 c 7000

' 12007 '% oo \“6\9—6_0__@__%1
1100 +——1———1——1—1—1—1— 6000 ,

0 100 200 300 400 500 600 700 800 9001000 5500 ——— T
Generations 0 100 200 300 400 500 600 700 800 9001000
Generations

Fig. 13. H meshn = 3. Results of RA planning over 100 runs.
Fig. 15. H mesh: = 5. Results of RA planning over 100 runs.

2) Clonation percentage 0.3.
3) Crossover probability. = 1.0. 16000
4) Mutation probabilityp,, = 0.02.

. . 15000

5) Maximum number of generations 1000. 00

The simulation was performed on a Sun Sparc10 worksta- {‘J 14000 o Genetic Algorithm
tion. After 100 simulation runs, the mean and variance of the . 1390 - e Hill Climbing

results in terms of the LU cost were collected. These results o
were compared to those of hill climbing as shown in Table | S 12000

and found to be superior after 1000 generations. T 11000 N

Fig. 12 shows the behavior of the genetic algorithm and a \\e\e_e_e_L
tradeoff between solution quality and run-time efficiency. In 10000 T T T T T
the first 200 generations, the LU cost rapidly decreases. The 0 100 200 300 400 500 600 700 800 9001000
genetic algorithm may get trapped in a local minimum from Generations

the 200th to 700th generation. After the 700th generation, .

the algorithm jumps from the local minimum and the LLJ:'g' 16. H mes = 6. Results of RA planning over 100 runs.

cost continues decreasing. Generally, as the execution time

increases, the LU cost decreases. That is, the longer the tipogpulation prove to be superior to hill climbing in 100

of execution, the better the result we obtained. generations (except in the case of Fig. 16). As the number
Figs. 13-16 show the mean results of RA planning in 1Q8f cells increases, it takes a longer execution time to obtain

simulation runs. Genetic algorithms with a random initiabetter results.
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VI. CONCLUSIONS the time complexity of genetic algorithms is equal@gmn x

In this paper, we reformulated RA planning as a cosh)- Cpnsideripg the tradeoff bef[ween run-time efficiency and
optimization problem and proposed a stochastic search mettfgiHtion quality, genetic algorithms appear to be a quite
based on a genetic approach. Simulation results showed tffable approach to RA planning in designing PCS networks.
genetic algorithms are robust for RA planning.

In our model, search nodes are represented as strings _ )
determining which borders exist between cells. Three generall '€ authors would like to thank Professor Y.-B. Lin and
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