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Dynamically adaptive Cuckoo search algorithm based on dimension by opposition-based learning
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Abstract: However, there are still some shortcoming in cuckoo search algorithm(CS) , such as low convergence precision,
slow convergence speed, Weak search vitality and interference phenomena among dimensions when dealing with high-
dimensional optimization problems. Dynamically Adaptive Cuckoo Search Algorithm Based on Dimension by Opposition-
based Learning(DA-DOCS) was proposed, Firstly, the selected solution updated for dimension-by-dimension by
Opposition-based Learning, this result reduced interdimensional interference and expanded population diversity. Then the
method of elite retention was used to evaluate the results and improve the search ability of the algorithm. Finally, the
information of the current solution was fully utilized to dynamically adaptive the scaling factor control to guide the solution
to converge quickly and enhance the search vitality of the algorithm. The experimental results show that compared with the
standard cuckoo search algorithm, the proposed algorithm has improved convergence precision, convergence speed and
search vitality. Compared with other improved algorithms, it has certain competitive advantage.
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Table 2 Optimization accuracy values of CS and DA-DOCS
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Fig. 3 Optimization convergence curves of DA-DOCS and CS
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Table 4 Number of iterations with different dimensions

D=50

R CS DA-DOCS

#H A Mean Std. Dev Mean Std. Dev
F1  10-5 1985.11 73.01 794.17 19.33

F, 10-5 1691.73 75.23 539.90 15.33

Fs 10-5 18480.00 2332.60 5012.43 1278.60
Fs 10-4 10373.20 1185.50 6352.21 987.45
Fs 10-5 1632.2 85.16 664.00 17.92

Fe 10-5 4835.00 158.25 1017.90 24.37

Fz 10-3 14663.00 4976.20 2644.50 310.25

D=100

L CS DA-DOCS

¥ A Mean Std .Dev Mean Std. Dev
F1  10-5 4049.50 101.48 1406.11 26.04

F. 10-5 3945.30 275.62 1098.30 36.39

Fs 10-5 — — 14031.00 5761.90
Fs 10-4 32484.00 66.13 5812.10 1321.45
Fs 10-5 — — 1144.50 21.73

Fe 10-5 — — 1732.90 38.69

Fz 10-3 — — 6859.10 909.68
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Table 5 Optimization accuracy values of DA-DOCS and other
improved CS algorithms

EH B% DSCS DDICS DA-DOCS
F Mean 1.15E-61 1.98E-54 1.01E-103
Best 6.97E-62 4.31E-56 8.62E-104
Std. Dev  5.19E-61 1.46E-54 1.45E-103
T(s) 0.14 6.18 2.36
F Mean 113E-117  4.42E-105 1.16E-168
Best 597E-118  3.16E-109 2.65E-168
Std. Dev  3.57E-117  5.76E-105 2.06E-167
T(s) 031 12.99 3.08
Fs Mean 2.51E-03 2.01 E-03 0.00E-00
Best 0.00E-00 1.11E-03 0.00E-00
Std. Dev  4.15E-03 2.44 E-03 0.00E-00
T(s) 0.18 8.89 3.02
Fe Mean 8.88E-15 5.75E-14 3.85E-15
Best 7.54E-15 3.21E-15 3.55E-15
Std. Dev  2.38E-15 1.77E-15 5.32E-16
T(s) 021 7.97 2.92
Fr Mean 2.92E-02 2.84E-02 1.74E-03
Best 2.08E-02 4.52E-03 6.43E-04
Std. Dev  3.71E-03 4.70E-03 5.78E-04
T(s) 0.19 10.99 2.88
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