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Abstract

Aiming at the problem that the traditional artificial fish school algorithm converges slowly in the
later stage and it is difficult to jump out of the local optimal value to find the global optimal value,
an improved dual-group artificial fish school algorithm is proposed. In this algorithm, the first
group uses position vector exchange to quickly find the best, and the second fish group uses the
new fish group generated by chaotic behavior to find the best again, and finally obtains the cross
solution obtained from the results of the two optimizations. In order to prove the effectiveness of
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the two-swarm artificial fish swarm algorithm, 10 classic test functions are used in the experi-
ment, and the improved methods proposed by the predecessors include the normalized fish swarm
algorithm (NFSA) and the particle swarm optimization algorithm based on extended memory. Ar-
tificial fish school (PSOEM_FSA) algorithm, comprehensive improved artificial fish school (CIAFSA)
and other algorithms are comprehensively compared. The experimental results show that the dual-
group artificial fish school algorithm is more accurate and more efficient than the standard fish
school algorithm, the artificial fish school algorithm based on the extended memory particle swarm
optimization algorithm, and the comprehensive improvement of artificial fish swarm algorithm has
more accurate and efficient optimization results in local optimization and global optimization.
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Best 1.33x 1074 1.00 x 10727 143x 107 457 x 107
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Elliptic Mean 7.00 x 1076 1.09 x 1074 5.73 8.40x10°°
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