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Abstract

We improve the particle swarm optimization (PSO) by introducing the concept of the
repellor. So far, the PSO algorithm is guided by the optimum of each particle and
the optimum found by all the particles. We now add to the algorithm the location of
the worst point found so far and location the worst point found by all the particles.
These worst points have the property of repelling the particles to the local and the global
optima, respectively. This way the PSO algorithm is improved in the sense that the
swarm is able to locate the global optimum more rapidly. Empirical results are pre-
sented on archaeological data.
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1. Introduction

The particle swarm optimization (PSO) is a recently introduced [1] optimi-
zation algorithm. At the same time is one of the most promising optimization
algorithms with applications to many different fields of science and engineering
(e.g. [2-4]). The main concept of the PSO is to mimic the behavior of a swarm
(i.e. zero-dimensional particles) which search for food resources (i.e. the func-
tion minimum) on a field (i.e. the search space).

Even each member of the swarm bears minimal intelligence, the swarm as a
whole shows a good amount of intelligence as if the intelligence of each mem-
ber is added up. The PSO algorithm mimics this type of behavior. The search
of each particle is guided by the minimum it has been found through its histor-
ical record of flights (i.e. iterations of the algorithm) and is also guided by the
historical record of the flights of the whole swarm. These minima act as attrac-
tors for each particle. In this letter we improve the search by helping the swarm
avoid the regions where the worst results were found.

The structure of this letter is the following. In Section 2 we introduce the
concept of repellor. Section 3 presents empirical applications of the PSO algo-
rithm applied on archaeological data. Finally, Section 4 concludes this work
and proposes further developments.

2. The concept of the repellor

Imagine a swarm of bees searching for flowers on a field. They initially start
at random locations. Through their memory they remember the location of the
best flower they have found so far. An inherit form of communication they
bear, helps them know where the best flower of the field is located. There
are 2 equations that can describe this form of behavior.

Xid = Xi-14 + Via, (1)
vig = cirand()(p, — x;4) + carand()(Py — Xxi4), (2a)
where Xx; is an m-dimensional vector (particle), d = 1,2,...,m, i is the number of

flights i = 1,2, ...,v is the m-dimensional vector of the velocity of each particle
at the flight 7, p is the minimum found by the particle so far, and P is the min-
imum found by all the particles so far. There are 2 constants (¢; and ¢,), which
are usually given the value of 2, and a random number generator rand(), which
gives uniformly distributed random numbers on [0, 1].

Note that Eq. (2a) can also be found with the form

Ui,d = Ui—l,d —+ clrand()(pd — x,-,d) —+ czrand( )(Pd — xl;d). (2b)
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We will not use this form, because the vectors v; tend to behave as a random
walk, which means that the variance is constantly increased over time (i). In
a moderate amount of flights (i.e. 50-100) it may lead to velocities that are
greater than the search space. In [5], the following variant had been proposed

lil-yd = WU;_14 =+ clrand( )(pd — xi,d) —+ czrand( )(Pd — x,-‘,d), (2C)

where w is a weight factor which fades linearly to zero as the number of the
flights increase. We have not observed any special improvement using Eq.
(2c), therefore we will continue with w = 0 (i.e. Eq. (2a)).

Let us return to the bees searching on the field. Obstacles like trees or arid
grounds repel the bees away. As they locate objects with no particular interest
to them they tend to avoid them and never return back to them. They also tend
to return to the previously searched ground where they have found flowers on
the past, once an obstacle is found. Using equations this can be written as

if |xiq — bal{|dsa] = via = vig+ csrand()(dsqg — (Xiq — ba)) (3a)
if |x,«vd — Bd‘<|dL,d| = Vig = Vig =+ c4rand()(dL_,d — (x,'_,d — Bd)), (3b)

where c3 and ¢4 are constants of the value of 2 (like ¢; and ¢3), ds s = (bs — pa)/2
is the midpoint between the minimum and the maximum found by the particle
so far, d; ;= (B;— P;)/2 is the midpoint of the maximum and the minimum
found by the whole swarm, b is the location of the maximum found by each
particle, and B is the maximum found by the whole swarm.

3. Empirical application on archaeological data

An archaeological deposit may contain particles (artifacts and non-artifacts)
of numerous materials and size classes derived from various sources. The par-
ticles and their arrangement typically reflect a complex depositional history of
natural and cultural processes. The size distributions of these various materials
can offer insights into their complex depositional histories, including their
sources and transport agents and post-depositional processes [6]. However,
complete analysis of an archaeological deposit is not an easy task. The diffi-
culty lies in the distinction between cultural and natural particles. Microarti-
facts (i.e. cultural particles smaller than 2 mm in diameter), due to their
abundance and incorporation in an archaeological deposit constitute a signif-
icant part of the cultural particles present, and their analysis can assist the
archaeological interpretation [7]. The procedure proposed in this study pro-
vides a means of determining the average weight for cultural sedimentary
particles when samples from archaeological deposits are analyzed for
microartifacts.
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For each sample we point-count 1000 microartifacts (see [8] for details on
point counting) of diameter 1-4 mm. They are micropottery, microfragments
of construction clay, microdaub, microfragments of burnt clay, microbone,
microshell, microfragments of charcoal, and natural sedimentary particles
(generally termed as “Soil’). In this case a reliable minimization technique helps
on the determination of the microartifact weights. It is almost unfeasible to
compute those weights by other means such as physically sorting the total sam-
ple for microartifacts and weight them on an electronic precision balance, due
to the time and the effort cost. Therefore we adopt the PSO to achieve a reliable
estimation of the weights.

The first step is to construct a matrix C (m x n). Every row contains the mea-
surements for each sample and every column contains the measurements for
each material type, which are Pottery, Construction Clay, Microdaub, Burnt
Clay, Bone, Shell, Charcoal, and natural particles. Next a column vector d with
m elements is constructed, which contains the sample weights. The minimiza-
tion min|/Cx —d||,, is introduced, given that every element of x is non-
negative. The vector X is a column vector with n elements that represents the
average particle weight of each material type. In our case the parameters m
and n are 254 and 21, respectively. Discrepancies may be observed between
the actual values (d) and the fitted values (Cx). These discrepancies have to
be relatively small.

We run a PSO algorithm 200 times with population 20, ¢; = ¢, =2 (Eq.
(2a)), and 300 flights. For the first 100 times we set ¢3 = ¢4 = 0 (i.e. no repellor
effect), and for the rest 100 times we set ¢3 = ¢4 = 2. Figs. 1 and 2 show the per-
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Fig. 1. The median error of non-hybrid PSO algorithms as a function of the number of the flights,
for different parameter sets. The “attractor(only)” (thin line) corresponds to the median of 100 runs
of a non-hybrid PSO algorithm with ¢3 = ¢4 = 0, and the “attractor repellor” (bold line) corresponds
to the same algorithm with ¢3 = ¢4 = 2. The repellor choice gives systematically lower error.



A. Leontitsis et al. | Appl. Math. Comput. 173 (2006) 265-272 269
3000

2500 V\/L\W
2000

1500 V\\Ur——\r’\l\\/\_/_/—’——'—

attractor (only)

attractor-repellor

1000

500

75% percentile-25t" percentile

0 50 100 150 200 250 300
Flights

Fig. 2. The difference of the 75th and the 25th percentile of the error distribution of non-hybrid
PSO algorithms as a function of the number of the flights, for different parameter sets. The
“attractor(only)” (thin line) corresponds to the difference on 100 runs of a non-hybrid PSO
algorithm with ¢3 = ¢4 = 0, and the “attractor repellor” (bold line) corresponds to the difference of
100 runs of a PSO algorithm with ¢3 =c¢4=2. The repellor choice gives a smaller difference
systematically.

formance of those different choices. On all the figures it is clearly seen that the
adaptive mutation probability is preferable because (a) it gives a smaller error
than the constant choices, on average (Fig. 1); (b) the error variance is also
smaller, on average (Fig. 2).

We now rerun the PSO algorithm as above (Figs. 3 and 4), and we adopt a
hybrid form adding 10 runs of the deterministic hill-climbing algorithm for
each population member considered. Hybrid approaches have already been
tested on Genetic Algorithms with a great success [9-11]. Also in [1] the idea
of letting the particles be “settlers” and “explorers” was proposed. In this case,
the error is much smaller, but its qualitative characteristics remain as described
above, which means that the concept of the repellor results a smaller error with
a smaller variance, on average. Fig. 3 follows the scaling of Fig. 1, and Fig. 4
follows the scaling of Fig. 2 for comparison reasons.

4. Multiple repellors

As a possible extension of the repellor add-on about the PSO algorithm is to
theorize multiple repellors. Large problems with a greater number of dimen-
sions, may be very difficult (or even impossible) to be solved by few flights.
Since none is able to guarantee that the initially distributed particles can easily
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Fig. 3. The median error as a function of the number of the flights, for different parameter sets. The
“attractor(only)” (thin line) corresponds to the median of 100 runs of a PSO algorithm with
¢3 = ¢4 = 0, and the “attractor repellor” (bold line) corresponds to the median of 100 runs of a PSO
algorithm with ¢3 = ¢4 = 2. The repellor choice gives systematically lower error.
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Fig. 4. The difference of the 75th and the 25th percentile of the error distribution of hybrid PSO
algorithms as a function of the number of the flights, for different parameter sets. The
“attractor(only)” (thin line) corresponds to the difference on 100 runs of a hybrid PSO algorithm
with ¢3 = ¢4 = 0, and the “attractor repellor” (bold line) corresponds to the difference of 100 runs of
a PSO algorithm with ¢3 = ¢4 = 2. The repellor choice gives a smaller difference systematically.

locate the global minimum within 100 or even 1000 flights, the concept of the
repellor may help on this problem.

In order to utilize the concept of the multiple repellors we may first consider
how many flights are required in order to be able to judge whether the particles



A. Leontitsis et al. | Appl. Math. Comput. 173 (2006) 265-272 271

have located a minimum which is possibly the global one. Suppose we set this
number to 300. The PSO algorithm as it is known so far would stop at the 300
flights. The multiple repellors concept would act as following. At the 301th
flight we transform all the local minima and the global one to repellors, as well
as we conserve the repellors found so far. These repellors would make the par-
ticles fly away to unexplored regions of the search space for new possible min-
ima. After another 300 flights the attractors will become repellors and the
repellors will be conserved. The new database of the repellors will be added
to the previews one and the search will start over, until the entire search space
is explored or the global minimum is not improved after an arbitrary number
of searches.

This is very much like the nature works. When the bees acquire all the nectar
of the flowers on the one side of the field they fly away to random directions
having in their mind the locations they have already visited and now are empty.
Once one of them finds new resources they follow it and the search starts from
the beginning.

5. Conclusions

This study has revealed that the PSO algorithm can be considerably im-
proved with a small computational cost. It introduced the concept of the repel-
lor which acts complementary to the concept of the attractor used so far. A
justification regarding observations of natural swarms was also provided.

This concept has to be tested further in future applications. Our experience
has shown that this new concept can be considered as an essential part of the
PSO algorithm. Further improvements can also be introduced. For example
the Egs. (3a) and (3b) may be changed according to the needs of particular
applications. The repellors of those equations can be changed slightly if a re-
searcher feels that they do not improve her/his results.

Finally, we need to stress that the PSO is one of the most promising optimi-
zation algorithms. It counts only few years since it has been introduced and
there is plenty of space for possible improvements.

A Matlab code for the above described methodology can be found at Math-
works’ site (http://www.mathworks.com/ <http://www.mathworks.com/>)
downloads area, Optimization Section, written by one of the authors (AL).
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