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Abstract

Search techniques such as Genetic Algorithms, Simu-
lated Annealing, Tabu Search and Random Walk Al-
gorithms have been used extensively for global opti-
mization. This paper presents an experimental anal-
ysis of the performance of these algorithms for the
problem of selecting the optimal location of base sta-
tions in a mobile communication system. The ef-
fect of varying the value of important parameters for
each algorithm is investigated to determine suitable
values. The algorithms are then compared to each
other using a common neighborhood definition to en-
sure fairness. Intuitive explanations are provided for
the results.

1 Introduction

In the planning stages of a new mobile communica-
tions network, the locations of the radio base stations
need to be determined. Information concerning the
radio propagation characteristics of the service area,
and a list of potential sites where base stations can
be located is used to design cells in such a way as to
minimize the cost of equipment (i.e. number of base
stations used), while maximizing service (i.e. the ra-
dio coverage provided in the area). This problem has
been shown to be NP-complete by analogy to the
Minimum Dominating Set (MDS) problem [1].
Local search techniques', such as Genetic Algo-

I There is some confusion in the literature regarding nomen-
clature. These techniques have also been referred to as global,
stochastic, meta-heuristic, or neighborhood-based search by

rithms (GA), Simulated Annealing (SA), Tabu Search
(TS) and Random Walk Algorithms (RW) are all
known to yield near-optimal solutions within a rea-
sonable time for such difficult optimization problems
[3]-[5]. However due to the complex interactions be-
tween optimization problems, corresponding neigh-
borhood definitions, and various algorithm param-
eters, their performance and relative suitability for
a problem can only be determined via experimental
analysis. Genetic Algorithms and Simulated Anneal-
ing have been independently applied for optimal base
station location using slightly different problem for-
mulations in [1] and [2] respectively. In this paper the
performance of GA, SA, TS and RW is examined for
various parameter values and compared on a sample
problem instance.

2 Problem Description and Pa-
rameters

A square service area is selected and divided into a
grid of 100x100 points spaced 1 unit distance apart.
From this set of 100,000 possible points, 51 locations
where base transmitting stations could be potentially
be located were generated randomly with a uniform
distribution. These 51 possible sites can be seen in
Figure 1. For real world problems, this initial list of
potential base station locations would depend upon
geographical considerations, physical constraints and
the ease with which radio transmitters can be in-
stalled in those locations.
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Figure 1: 51 Potential Base Station Locations (top)
and Sample Radio Coverage for One Potential Loca-
tion (bottom)

In a real scenario, the radio propagation char-
acteristics of the area would have to be determined
via sophisticated ray-tracing simulations or field mea-
surements. For the purposes of analyzing the perfor-
mance of optimization techniques, a service coverage
area is obtained for each potential location using an
uncorrelated log-normal shadow fading model for ra-
dio propagation. In this model, the power loss in dB
at a distance d from the base station is given by the
equation

Pioss(d) = A+ Blog(d) + N (1)

where N is a zero-mean Gaussian random Variable
with a variance 2. The values of these parameters
used in this paper are: A = 50, B = 40, o2 = 10.

From each possible base station location, Poss, the
radio path loss, is computed for all 100,000 points.
Then, a cutoff value P* = 100dB is chosen for the
path loss, such that if Pz, > P* for any point it
is deemed that the radio coverage is not sufficient.
The bottom of figure 1 shows the radio coverage for a
transmitter located at one of the 51 possible locations
(white pixels indicate areas with radio coverage from
the transmitter). If all 51 possible locations were
selected, the net coverage would be 100% but there
would be a significant overlap between different base
stations. Therefore far fewer than 51 base stations
are actually required to provide good coverage in the
area.

For this optimization each point in the search
space would represent which subset of the 51 poten-
tial locations are actually chosen for installing base
stations. This can be represented by a 51 bit binary
string with each bit corresponding to one of the po-
tential locations. Each bit is one if a base station is
placed at the corresponding location and zero other-
wise. The cost function chosen is similar to that used
in [1]:

Nps

f =k )
where Npgg is the number of base stations selected,
R is the radio coverage provided by these selected
stations (the percentage of the service area that is
covered by at least one base station), 8 reflects the
weight attached to maximizing coverage as opposed
to minimizing the number of base stations, and k is
a scaling factor. The values of the parameters used
in this paper are 8 =3, k = 10%.

All local search algorithms are characterized by
the existence of a neighborhood definition which de-
scribes how the search proceeds from one point in the
search space to another. In the algorithms described
here, the neighbor is generated by randomly invert-
ing one of the 51 bits that define the current point.
Thus the neighborhood of a given solution consists of
all points at a Hamming distance of 1.

3 Effect of Algorithm Parame-
ters on Performance

The best parameter for each algorithm is determined
by comparing different settings and running each for
10 runs consisting of 1000 cost function evaluations.
All runs are started at the same initial point in the
search space with a cost function evaluation of 0.284
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Figure 2: Performance of RW

(26 base stations providing a net coverage of 97.1%).
For more details on the implementations of these al-
gorithms, see [6].

Random Walk: The Random Walk Algorithms
are perhaps the simplest of all local search techniques.
At each iteration a neighbor that is generated is ac-
cepted unconditionally if it has a lower or same cost
function as the current point, and conditionally with
a probability p if it has a higher cost function. Hence
these algorithms range from a purely greedy search
(p = 0) to a completely random search (p = 1). Fig-
ure 2 shows the average (solid), minimum and max-
imum (dotted) final costs obtained. An acceptance
probability level p = 0.03 is found to be optimal,
which implies the existence of local minima that may
be escaped by allowing a small percentage of uphill
moves. If p is too high, on the other hand, the search
becomes unfocused and the algorithm is less likely to
locate minimum cost solutions efficiently.

Simulated Annealing: An SA algorithm with
a geometric cooling schedule (Thew = acToq) and
the Metropolis acceptance criterion is used. The ini-
tial temperature T, = 100, where o, is the stan-
dard deviation of costs obtained by a purely random
search. The number of different temperature levels
is fixed at 20, with 50 iterations of the algorithm at
each temperature. If the cooling parameter «. is too
low, then the SA would go down to zero tempera-
ture quickly and perform a greedy search. If, on the
other hand, a. is too high, the algorithms behaviour
would be more like that of a purely random search.
To identify the optimum value of a. the algorithm
was tested for values ranging from 0 to 1.
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Figure 3: Performance of SA

The results are shown in figure 3 which shows the
average, minimum and maximum final costs for each
value of a.. As expected, for low values of a., SA
performs rather like greedy search. For high values
of a. (greater than 0.8), the performance of SA de-
teriorates significantly. The value of a. for which SA
performs well is 0.5.

Tabu Search: A simple TS with the following
Tabu definition is tested: any base station location
that is selected within the last K iterations is con-
sidered Tabu and may not be selected at the current
iteration. The value of the tabu tenure K is chosen to
be 1. An important parameter that can be varied is
the the size of the Candidate List v, which determines
how many neighbors are considered at each step in
the search. One might expect that there would some
improvement as the size of the candidate list increases
since one can better sample the neighborhood of the
current point in order to determine a good point to
move to. Figure 4 shows the minimum, average and
maximum final costs obtained by TS for different val-
ues of v ranging from 1 to 20. As expected, the algo-
rithm is seen to perform progressively better as v is
increased, reaching the best performance for a candi-
date list size of 10.

Genetic Algorithms: The Genetic Algorithms
considered here do not implement crossover and uti-
lize a mutation operator that is equivalent to the
neighborhood definition described before. Figure 5
shows the average performance of Genetic Algorithms
for population sizes ranging from 10 to 50 with three
different selection mechanisms - Rank-based, Propor-
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Figure 4: Performance of TS
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Figure 5: Performance of GA

tional and Tournament Selection. Rank-based selec-
tion is seen to yield uniformly poor results irrespec-
tive of population size - this is chiefly due to the fact
that this selection mechanism ignores the actual val-
ues of the cost functions at each generation, focusing
on their relative rank instead. Tournament Selection
with a low population size of 10 appears to provide
the best performance, suggesting that the cost func-
tion surface is such that the extra parallelism ob-
tained by using a large-population GA is not partic-
ularly beneficial for this problem.
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Figure 6: Comparison of Algorithms (1 run)

4 Comparison of Algorithms

The performance of Random Walk with p = 0 (Greedy
Search), Random Walk with p = 0.03, Simulated
Annealing, Tabu Search, and Genetic Algorithms is
compared using the best parameters determined above.
To ensure fairness in comparison, each algorithm is
run for exactly 10,000 cost functions — the GA with
population size of 10 is run for 1000 generations and
the TS with a candidate list size of 10 is run for 1000
iterations, while RW and SA are each run for 10000
iterations. Also, as mentioned before, all algorithms
utilize a common neighborhood definition.

Figure 6 shows the progress of each algorithm,
plotting the best cost seen at each step with respect
to the number of cost function evaluations for a single
run. Each algorithm was then run 10 times. Figure
7 shows the maximum, average and minimum final
cost values obtained by each search technique. The
results of the greedy search algorithm that only ac-
cepts downhill moves shows the poorest performance
with a higher variance than others indicating that it
has a tendency to get trapped in local minima. In
order of decreasing average final cost, the algorithms
are: SA, RW, GA and TS (with the last two provid-
ing about the same average final cost). Tabu Search
provides final costs with the lowest variance, which
indicates that it is able to obtain the best solution
in nearly every run. The best solution for the sam-
ple base station location problem investigated in this
paper was also obtained by Tabu Search and yielded
86.82% coverage with only 10 base stations (with a
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Figure 7: Comparison of Algorithms (10 runs)

cost function evaluation of 0.153). This best solution
is shown in figure 8.

5 Conclusions

This paper has presented an experimental analysis
of the performance of four search algorithms for the
problem of designing the optimal location of base sta-
tions in a mobile communication system - Random
Walk, Simulated Annealing, Tabu Search and Ge-
netic Algorithms. We investigated the effect of vary-
ing the value of important parameters for each algo-
rithm to determine suitable values. We then com-
pared the performance of these algorithms using a
common neighborhood definition, the same number
of cost function evaluations, and the same initial con-
ditions. It is found that Genetic Algorithms and
Tabu Search both perform well, with Tabu Search
providing the most consistent final cost value on mul-
tiple runs.
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