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Abstract

Optimization forms an intrinsic part of the design and implementation of modern systems.
such as industrial systems, communication networks, and the configuration of electric or elec-
tronic components. Population-based single-solution optimization algorithms such as Particle
Swarm Optimization (PSO) have been shown to perform well when a number of optimal or
suboptimal solutions exist. However, some problems require algorithms that locate all or most
of these optimal and suboptimal solutions. Such algorithms are known as niching or speciation
algorithms.

Several techniques have been proposed to extend the PSO paradigm so that multiple optima
can be located and maintained within a convoluted search space. A significant number of these
implementations are subswarm-based, that is, portions of the swarm are optimized separately.
Niches are formed to contain these subswarms, a process that often requires user-specified
parameters, as the sizes and placing of the niches are unknown. This thesis presents a new
niching technique that uses the vector dot product of the social and cognitive direction vectors
to determine niche boundaries. Thus, a separate niche radius is calculated for each niche, a
process that requires minimal knowledge of the search space. This strategy differs from other
techniques using niche radii where a niche radius is either required to be set in advance. or
calculated from the distances between particles.

The development of the algorithm is traced and tested extensively using synthetic bench-
mark functions. Empirical results are reported using a variety of settings. An analysis of
the algorithm is presented as well as a scalability study. The performance of the algorithm
is also compared to that of two other well-known PSO niching algorithms. To conclude, the

vector-based PSO is extended to locate and track multiple optima in dvnamic environments.
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Opsomming

Optimering vorm 'n intrinsieke deel van die ontwerp en implementering van moderne stelsels
soos industriéle stelsels, kommunikasienetwerke en die konfigurasie van elektriese of elektroniese
komponente. Populasiegebaseerde, enkel-oplossing optimeringsalgoritmes soos Partikel Swerm
Optimering (PSO) het reeds getoon dat dit goeie resultate lewer indien 'n aantal optimale
of suboptimale oplossings bestaan. Sommige probleme vereis egter algoritmes wat al hierdie
optimale en suboptimale oplossings, of die meeste daarvan, opspoor. Sulke algoritmes staan
bekend as algoritmes vir nisvorming of spesiasie.

Verskeie tegnieke is voorgestel om die PSO paradigma uit te brei sodat veelvuldige op-
tima opgespoor en onderhou kan word in 'n soekruimte met talle hoogtepunte of pieke. 'n
Betekenisvolle aantal van sulke implementasies is subswerm-gebaseerd, wat beteken optimering
van gedeeltes van die swerm vind afsonderlik plaas. Nisse word gevorm om hierdie subswerms
in te sluit, 'n proses wat dikwels gebruiker-gedefinicerde parameters benodig, aangesien die
groottes en posisionering van die nisse nie bekend is nie. Hierdie tesis stel 'n nuwe tegniek vir
nisvorming voor wat die vektor dotproduk van die sosiale en kognitiewe rigtingvektore gebruik
om nisgrense te bepaal. Sodoende word n afsonderlike nisradius vir elke nis bereken. 'n proses
wat minimale kennis van die soekruimte vereis. Hierdie strategie verskil van ander tegnicke wat
nisradiusse gebruik waar 'n nisradius of vooraf gestel word, of van die afstande tussen partikels
bereken word.

Die ontwikkeling van die algoritme word nagespeur en uitvoerig getoets deur van kunsmatige
toetsfunksies gebruik te maak. Empiriese resultate met 'n verskeidenheid stellings word ger-
apporteer. 'n Ontleding van die algoritme word aangebied sowel as 'n skalingstudie. Die
prestasie van die algoritme word ook vergelyk met di¢ van twee ander bekende PSO nisvormin-
galgoritmes. Ten slotte word die vektor-gebaseerde PSO uitgebrei om veelvuldige optima in

dinamiese omgewings op te spoor en te volg.
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