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[ Abstract] Aiming at the shortcomings of ant lion algorithm which is easy to fall into local optimum and slow convergence, this
paper proposes a chaotic ant lion optimizer based on elite opposition—based learning with perturbation factor. First, the perturbation
factor is introduced into the ant’s random walk formula, effectively improving the precision of optimization, avoiding the algorithm
falling into local optimum, balancing the global optimal search and the local optimal search. Later the algorithm generates the elite
inverse solution by opposition—based learning the elite individual of the ant lion, which increases the diversity of the population and
compares the current optimal solution with the elite to solve the superior individual as the new global optimal solution. Finally, the
logistic chaotic map is introduced in the random walk formula of ant influenced by elite ant lion and roulette selected ant lion to
improve the global search ability and optimization precision of the algorithm effectively. Through the comparison of seven classical
test functions the algorithm proposed in this paper can effectively improve the precision and convergence speed of optimization, and
can effectively solve the problem of function optimization.
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Tab. 2 Function test experimental results(30 dim)
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F ALO 7.11E-05 2.55E-04 1.57E-04
WOA 2.90E-91 9.33E-79 4.43E-73
IALO 1.96E-01 4.85E-01 3.05E-01
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EOPCALO  0.00E+00 0.00E+00 0.00E+00
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WOA 8.88E-16 4.09E-15 2.16E-15
IALO 2.66E+00 5.07E+00 2.55E+00
OB-L-ALO!'8]  8.88E-16 1.54E-05 8.10E-06
EOPCALO  8.88E-16 8.88E-16 0.00E+00
F, ALO 2.30E-03 3.00E-02 1.37E-02
WOA 0.00E+00 3.89E-03 2.16E-02
IALO 8.00E-02 1.34E-01 3.42E-02
ABLALO' 0.00E+00 1.51E-15 7.39E-15
OB-L-ALO'™)  0.00E+00 6.32E-09 1.27E-08
LEALO 4.77E-09 9.30E-03 2.09E-02
EOPCALO  0.00E+00 0.00E+00 0.00E+00
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Tab. 3 Function test experimental results(100 dim)

100 dim
Y RS
Best Mean Std
F, ALO 5.74E+02 1.93E+03 9.44E+02
WOA 1.91E-88 1.00E-78 4.38E-78
IALO 1.98E+03 4.64E+03 2.02E+03
EOPCALO 0.00E+00 0.00E+00 0.00E+00
F, ALO 5.32E+01 2.66E+16 1.46E+17
WOA 3.43E-57 9.25E-51 4.84E-50
IALO 2.86E+02 5.80E+33 3.17E+34
EOPCALO 0.00E+00 0.00E+00 0.00E+00
Fy ALO 4.36E+04 6.50E+04 1.53E+04
WOA 5.38E+05 9.87E+05 2.38E+05
IALO 4.58E+04 1.10E+05 3.62E+04
EOPCALO 0.00E+00 0.00E+00 0.00E+00
F, ALO 2.36E+01 3.06E+01 3.83E+00
WOA 2.71E+00 6.42E+01 2.85E+01
TALO 2.63E+01 3.33E+01 4.23E+00
EOPCALO 0.00E+00 0.00E+00 0.00E+00
Fy ALO 8.09E+02 9.74E+02 1.03E+02
WOA 0.00E+00 0.00E+00 0.00E+00
IALO 1.24E+03 1.47E+03 1.20E+02
EOPCALO 0.00E+00 0.00E+00 0.00E+00
Fg ALO 1.30E+01 1.45E+01 7.36E-01
WOA 8.88E-16 4.68E-15 2.46E-15
IALO 1.25E+01 1.48E+01 7.98E-01
EOPCALO 8.88E-16 8.88E-16 0.00E+00
F, ALO 1.31E+02 2.42E+02 6.20E+01
WOA 0.00E+00 4.80E-03 2.63E-02
IALO 2.46E+02 3.54E+02 8.52E+01
EOPCALO 0.00E+00 0.00E+00 0.00E+00
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