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Particle Swarm Optimization based on competitive aggression Strategy
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( Department of Computer Science and Information Engineering, Harbin Normal University, Harbin 150025, China)

[ Abstract] In order to solve the problem that particle swarm optimization (PSO) algorithm is easy to fall into local optimization
and slow convergence speed, a particle swarm optimization algorithm based on competitive aggression strategy is proposed. By
comparing aggressive free particles with high degrees of freedom with optimized particle swarm optimization particles, competitive
optimization is obtained, and then particle swarm optimization update is guided by competitive pool, which makes CAPSO algorithm
jump out of local optimization quickly. And improve the convergence speed of the algorithm. Eight standard function tests are used to
simulate the four algorithms and the CAPSO algorithm, and the optimization results are analyzed. The results show that the CAPSO

algorithm has excellent optimization results in both unimodal function problems and multi—peak function problems.
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Fig. 1 Schematic diagram of competition for optimal entry into the
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Fig. 2 Schematic diagram of competitive optimal pool
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Fig. 3 Update diagram of aggressive free particles
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Tab. 1 Standard test functions

HUPENEE A MK & XAl A
fi Sphere -100,100 0
£ Schwefel -10,10 0
f3 Rosenbrock -30,30 0
Ja Step -100, 100 0
fs Ackley -32,32 0
Js Rastrigin -5.12,5.12 0
fq Griewank -600,600 0
fs Quartic -1.28,1.28 0
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Tab. 2 Results of different algorithms in 8 standard test functions

Bk CAPSO PSO RLPSO TDDALFPSO SeDCPC IPSO
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S {E fs 2.1412E-05  8.1000E-02  1.8100E-02  1.4000E-03  6.2700E-02  9.7600E-02
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Fig. 4 Convergence curves of different algorithms on four unimodal standard test functions
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Fig. 5 Convergence curves of different algorithms on four multi—peak standard test functions
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