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Abstract Keywords

Most of the existing optimization algorithms based on the opposite learning strategy are under natural computation;
the initial population fitness value. The problem of opposition and slow convergence is not fully fast convergence;
considered. Thus, a fast convergent natural computation method based on a cosine similarity oppo- cosine similarity;
sition strategy is proposed to solve the aforementioned problem. The particles are divided into simi- weighted opposition

lar and nonsimilar subgroups by calculating the cosine similarity between each particle and the par-
ticle in the regional center. The nonsimilar subgroups are weighted opposition according to the sim-
ilarity degree, thus the convergence speed is accelerated. The Cauchy disturbance is then intro-
duced to improve population diversity. The strategy is applied to three different natural computing
methods, and 12 classical test functions are used to analyze the convergence and verify its perform-
ance. Finally, nonparametric tests are performed on the experimental data. Experiments show that

the method performs well in most test functions and has good universality and effectiveness.
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Tab.2  The optimization results of various algorithms on 12 test functions
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Tab.2 The optimization results of various algorithms on 12 test functions ( continued)
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Fig.6  Convergence curves for optimization of classical test functions
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Tab.3 The experimental comparison results of various algorithms

Tt R % COPSO DCOPSO O0GA-CM ODE O0LGWO CSOGWO
F, 1.28 x 10" 5.67 x1077 1.84 x10° 5.57 x10 % 2.06 x 10~ 0
F, 3.87x10°7 4.91 x10° 4.51 x10° 529 x107" 1.97 x10 7% 2.70 x 10"
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F 1.24 x107" 0 1.42 x 10 0 0 0
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F, 4.65x10°° 1.00 x 10 * 2.38 x 10’ 2.97 x107 1.05x10 4.46 x 10"
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Tab.4 The result of Mann-Whitney test

st B K COPSO DCOPSO OGA-CM
F, 0.0137 1.0007 0.000 1
F, 1.000 ] 0.7281 0.000 1
F, 0.001 1 03411 0.0001
F, 0.068 | 1.000 | 0.000 1
F, 0.061 7 0.683 ] 0.000 1
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Tab.4  The result of Mann-Whitney test( continued )

st b B COPSO DCOPSO OGA-CM
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F, 0.013 ] 1.000 | 0.000 1
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