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A Self-Perception High-Dimensional Chaotic Particle Swarm Algorithm
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Abstract To avoid the premature convergence and enhance the search capability of the high-dimensional space, a novel
self-perception high-dimensional chaotic particle swarm algorithm was presented. Firstly, a double perturbation of pBest
and gBest was used to enhance the searching capability of particles. Secondly, self-perception approach was proposed to
help the particle swarm to avoid the premature convergence. Lastly, three discrete PSO variants were tested on the traveling
salesman problem (TSP). Experimental results show that the self-perception high-dimensional chaotic particle swarm

algorithm is simple, effective and promoting in a high-dimensional space.
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Burmal4 Self-perception PSO 31.09 108 32.64 30.87 30.87
Berlin52 Self-perception PSO  7591.1 1399 8067 7542 7542
eil51 Self-perception PSO 427.1 1447 440 426 426
eil76 Self-perception PSO 552.1 2790 550 538 538
kroA100 Self-perception PSO  21487.3 6089 22882 21282 21282
kroA150 Self-perception PSO  27199.4 16877 27935 26781 26524
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TSP ik H 41 RCPSO REDPS TIPSO CLD-PS Self-perception
(TSPLIB) _PSO
S 7712.3 7814.2 7824 4 7728.9 25011
Per* 101.59% 102.94%  103.07%  101.82%
Berlins2 AR 7542 7589 7672 7609 2542
Per* 100% 100.62%  101.72%  100.88%
IEATIN A (s) 1780 2536 2261 2754 1399
Per* 127.23% 181.27%  161.62%  196.85%
S 431.2 434.5 4492 4427 1271
Per* 100.96% 101.73%  105.17%  103.65% ’
sils1 s A 426 426 426 426 126
Per* 100% 100% 100% 100%
AT A (s) 1587 3001 2785 2897 1447
Per* 109.68% 207.39%  192.47%  200.21%
SR 22048.3 22698 24087.9  23015.3 214873
Per* 102.61% 105.63%  112.10%  107.11%
KroA 100 s 21301 21871 22011 22457 2128
Per* 100.08% 102.77%  103.43%  105.52%
AT A (s) 7065 14891 11561 12877 6089
Per* 116.03% 244.56%  189.87%  211.48%
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