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Appendix A

Test Results

This appendix presents empirical results of tests that were run to determine specific settings used
by the family of vector-based PSO algorithms. Section A.1 presents results of empirical tests to
determine minimum sizes of small subswarms to prevent such swarms from stagnating. Section A.2
investigates the influence of interval sizes between calls to the merging procedure. This procedure is
called several times while subswarms are updated in parallel in order to merge subswarms attempting
to optimize the same optimal or suboptimal solution. Section A.3 presents results of empirical
tests to find the minimum size of a subswarm capable of tracking a moving optimum. If the
function landscape changes, positions of previous optima are retained and small subswarms are
created around such optima. Fewer function evaluations are required resulting in a reduction in

computational complexity.

A.1 Minimum subswarm sizes

To establish niche boundaries. the vector-based PSO calculates niche radii as described in
section H.4. A number of extra or false niches are formed adjacent to true niches. Some niches,
especially the false niches, may contain subswarms consisting of only one or two particles.
As explained in section 5.4, such subswarms may stagnate. To address this problem, these

subswarms are extended to contain at least three particles.
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A.1.1 Experimental procedure

A selection of two-dimensional functions with differing characteristics, namely the Himmelblau,
Ursem F3 and Ackley functions, were used to investigate minimum subswarm sizes. Descrip-
tions and illustrations of the functions were provided in section 6.2.3. The algorithms were run
with minimal subswarm sizes of one, two, and three particles. The number of solutions that
indicated optima was recorded as well as the number of extra or false solutions that did not
indicate such positions. Each result is the average of 50 runs of the relevant algorithm. Results

are presented for the parallel vector-based PSO as well as the enhanced parallel vector-based
PSO.

Table A.1: Convergence of small subswarms using the parallel vector-based PSO

Function Results
Subswarm size Subswarm size Subswarm size
of 1 of 2 of 3
Success  Average | Success Average | Success Average
rate # false rate # false rate # false
solutions solutions solutions
Himmelblau | 98% 5.6 99.5% 0.1 100% 0
Ursem F3 99% 5.7 100% 0.12 100% 0
Ackley 95.8% 2.7 98.7% 0.08 98.9% 0
(2-dim)

A.1.2 Results and discussion

When subswarms stagnate, results show solutions that do not indicate optimal positions in
the search space, since such subswarms do not converge on optimal positions. No such false
solutions will result if subswarms keep moving and eventually merge to indicate true opti-
mal positions. Thus, the number of such false solutions gives an indication of the ability of
subswarms to keep moving.

Tables A.1 and A.2 show the average number of extra or false solutions for the parallel
vector-based PSO and the enhanced parallel vector-based PSO. For each function and subswarm

size combination that was tested, the success rate of the run (total number of solutions as a
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Table A.2: Convergence of small subswarms using the enhanced parallel vector-based PSO

Function Results
Subswarm size Subswarm size Subswarm size
of 1 of 2 of 3
Success Average | Success Average | Success Average
rate # false rate # false rate # false
solutions solutions solutions
Himmelblau | 100% 0 100% 0 100% 0
Ursem F3 100% 0.8 100% 0.16 100% 0
Ackley 99.6% 0 99.6% 0 99% 0

percentage of the total number of possible solutions) and the average number of extra or false
solutions were recorded. As result of the stochastic character of the VBPSO. small differences
in success rates occurred. For each function, the average number of false solutions decreased
until no false solutions were recorded when a subswarm contained a minimum of three particles.
This lead to the conclusion that the subswarm sizes of at least three particles are sufficient
to obtain good results. Note that the enhanced parallel vector-based PSO yielded fewer false
solutions. This effect can be ascribed to the procedure where the particle position is updated
(refer to section 5.3), which is the only difference between the two algorithms. The enhanced
version tests each new position of a particle to ensure that the particle does not leave the
niche. Thus, a subswarm is prevented from being diverted to, and absorbed by, a neighbouring
subswarm, an effect causing a lower success rate. In addition, small subswarms are prevented
from becoming still smaller, a situation where stagnation can occur more often.

The small selection of results presented here does not purport to represent an exhaustive
analysis of the significance of choosing a minimum swarm size. False solutions may still be
encountered, even with larger minimum swarm sizes. On the other hand, the improved per-
formance of the enhanced version indicates that smaller minimum swarm sizes may suffice.
However, keeping in mind that the introduction of another tunable parameter to indicate mini-
mum swarm size is not an option, and too large swarm sizes increase computational complexity.

the minimum swarm size was set to three for all subsequent experiments.
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A.2 DMerging intervals

The parallel vector-based PSO algorithms update subswarms in parallel, thereby differing from
the earlier sequential version. During each iteration of the algorithm, all particles in all sub-
swarms are updated. When the vector-based PSO initially identifies niches, a number of
addtional or false niches are formed (see section 5.5). Subswarms in these niches are expected
to converge on optimal or suboptimal solutions of adjacent true niches (containing an opti-
mal solution), giving duplicate solutions. The parallel VBPSO merges these subswarms with
subswarms in true niches to exclude duplicate solutions. If the merging procedure is called
during the run, false niches are gradually absorbed by true niches, forming larger subswarms
which converge more effectively. If the merging procedure is called only once at the end of the
run, all subswarms have to be merged at once, which might be less effective. A selection of
functions have been tested to observe the effect of different merging intervals. Descriptions and
illustrations of the functions were provided in section 6.2. Only the enhanced parallel VBPSO
was tested as the parallel and enhanced parallel algorithms use the same merging procedure.
Averages of 50 runs have been reported for each setting. For each run the updating procedure
is iterated 500 times, interspersed with a number of calls to the merging procedure.

Results presented in Table A.3 show that a small number of subswarms do not merge when
the merging procedure is called once at the end of a run of 500 iterations. One extra call
to the merging procedure (with differing intervals) improves the situation but some niches
may still not merge. If the merging procedure is called more often, all niches merge. No
significant difference in the success rates of the different functions was found, indicating that
the algorithm is not sensitive to the exact size of the merging interval. In addition, the exact
size of the interval does not exert any influence on the success of the merging process, provided
that the merging procedure is called more than once during optimization and again at the end
of the run. The calls are best spread evenly over the run. The vector-based PSO algorithms
described in algorithms 10 and 11 calls the merging procedure at 10 equal intervals during
the run. These intervals were chosen in order to trace the merging process and present it
graphically. These results were presented in chapter 6.

Considering the above description, the size of the merging interval can rather be seen as a
heuristic than a tunable parameter. Therefore, setting the size of the merging interval cannot

be used as an argument that the principle of parsimony is violated.
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Function Results
Merge at end Merge at Merge at Merge at Merge at
interval 250 intervals 400, 100 5 intervals of 100 10 intervals of 50
Success  Average | Success Average | Success  Average | Success Average | Success  Average
rate # extra rate # extra rate # extra rate # extra rate # extra
solutions solutions solutions solutions solutions
Himmelblau | 100% 0.2 100% 0 100% 0 100% 0 100% 0
(4 optima)
Ursem F3 100% 0.96 100% 0 100% 0 100% 0 100% 0
(4 optima)
Ackley 2-dim | 100% 1.44 99.8% 0.02 99.3% 0.06 99.8% 0 100% 0
(9 optima)
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A.3 Minimum swarm size for tracking optima

Section 7.6 presents an algorithm to track multiple optima in a dynamic environment. The
initial stage locates optima using the VBPSO described in chapters 5 and 6. After each
environment change, optima have to be tracked and new optimal positions located. To reduce
computational complexity, only the optimal positions of the previous stage are retained, and
small subswarms are created around those positions. This section presents tests designed to

find a minimum swarm size capable of tracking optima in a dynamic environment.

A.3.1 Experimental procedure

Scenario 1 described in section 8.2 was used to observe the effect of different minimum swarm
sizes on tracking capability. Three optima were tracked over six steps. For the sake of clarity,
the positions of the peaks are listed in Table A.4. Experiments were conducted where the size
of the small swarm created to track each optimum, were set to one (one particle at the position
of each previous optimum), two, three and four. The average offline errors between the optimal
positions found by the small swarms and the true optimal positions were calculated for each
setting. These errors were compared to the average offline error for the initial stage of the
algorithm (using a larger swarm). Errors of the same order of magnitude indicated a tracking

ability of the small subswarms similar to that of the initial swarm.

Table A.4: Positions of 3 optima over 6 steps

Step Peak 1 Peak 2 Peak 3
1 o H R =z | x H R x|z H R
1 |-06 -08 1 2|05 03 06 2|05 0 08 2
2 04 -08 1 2]-03 04 06 204 0 08 2
3 |02 08 1 2 |-01 05 06 2|03 0 08 2
4 0O -08 1 2|01 06 06 2,02 0 08 2
5 02 -08 1 2,03 07 06 2|01 0 08 2
6 04 -08 1 205 08 06 2,0 0 08 2
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A.3.2 Results and discussion
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Results of experiments conducted to test the tracking ability of small subswarms are presented

in Table A.5. Averages of 50 experiments are listed. No significant difference was observed

between the average offline errors of the initial swarm (consisting of 30 particles) for the different

experiments. However, for stages two to six of the algorithm, the offline error decreased with

an increase in the sizes of the small subswarms. For a subswarm of three particles, the offline

error was marginally larger than that of the initial swarm. For a subswarm of four particles,

the offline error was marginally smaller than that of the initial swarm. Therefore, given that

the severity did not exceed the niche radius (refer to section 8.4), a subswarm size of three

or four particles was sufficient to track moving optima in a dynamic environment. For the

dynamic VBPSO, it was decided to create subswarms at previous optimal positions where each

subswarm consisted of a particle at one of those positions as well as three additional particles.

Table A.5: Tracking ability of small subswarms

Offline error

Initial swarm

Small subswarms

Subswarm size | Success
(particles) rate
1 100%
2 100%
3 100%
2 100%

5.17E-18 £+ 1.77E-18
240E-17 £ 1.17E-17
7.5TE-18 £+ 2.61E-18
2.62E-17 £+ 1.98E-17

3.48E-03 £+ 1.33E-03
5.34E-06 + 1.90E-06
9.38E-17 + 4.67TE-17
1.09E-17 £ 1.62E-18




UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
Qe VYUNIBESITHI YA PRETORIA

Appendix B

Derived publications

This appendix lists all papers that have been published or are currently under review, that led to,

or are derived from the work presented in this thesis.

Schoeman, LL., and Engelbrecht, A.P.: Using vector operations to identify niches for particle
swarm optimization. In: Proceedings of the IEEE Conference on Cybernetics and Intelligent
Systems. pp. 361-366 Singapore (2004)

Schoeman, LL., and Engelbrecht, A.P.: A parallel vector-based particle swarm optimizer. In:
Proceedings of the International Conference on Artificial Neural Networks and Genetic Algo-
rithms. (ICANNGA2005) Coimbra Portugal, pp. 268-271 (2005)

Schoeman, LL., and Engelbrecht, A.P.: Containing particles inside niches when optimizing
multimodal functions. In: Proceedings of SAICSIT2005. White River, South Africa pp. 78-85
(2005)

Schoeman, I.L., and Engelbrecht, A.P.: Niching for dynamic environments using particle swarm
optimization. In: Proceedings of the Sixth International Conference on Simulated Evolution
and Learning (SEAL'06). Hefei, China, (October 2006)

261



EIT VAN PRETO

-

UN RIA
UNIVERSITY OF PRETORIA
Qe VYUNIBESITHI YA PRETORIA
APPENDIX B. DERIVED PUBLICATIONS 262

Schoeman, [.L., and Engelbrecht, A.P.: A novel particle swarm niching technique based on ex-
tensive vector operations. Natural Comuputing, Springer, 1567-7818 (print) 1572-9796 (online)

(December 23, 2009)

Schoeman, I.L.. and Engelbrecht, A.P.: Scalability of the vector-based PSO. In: Proceedings of

the Congress of Evolutionary Computation (CEC2009) Trondheim, Norway, (May 2009)

[sabella Schoeman and Andries Engelbrecht: Effect of Particle Initialization on the Perfor-
mance of Particle Swarm Niching Algorithms. Accepted as an extended abstract in ANTS

2010

Schoeman, [.L., and Engelbrecht, A.P.: Tracking Multiple Optima in Dynamic Environments

using Particle Swarm Optimization. Under review.
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