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Abstract : Dragonfly algorithm ( DA ) is a widely applied algorithm, however, it still has some shortcomings such as low
convergence precision, slow convergence speed and weak search vitality. Elite opposition learning-based dimension by
dimension improved dragonfly algorithm ( EDDA ) was proposed. Firstly, the elite opposition-based learning strategy was
used to initialize the population, its result enhanced population diversity and improved the search efficiency. Secondly,the
individual of dragonfly was updated with the strategy of dimension-by-dimension to reduce interdimensional interference
and effectively improved the search ability of the algorithm. Finally, the information of the current solution was fully
utilized to bilateral search to enhance the search vitality of the algorithm. The experimental results of nine test functions
show that compared with the standard dragonfly algorithm , the proposed algorithm has higher precision, faster convergence
speed and stronger search vitality. Compared with other improved algorithms, it has certain competitive advantage.
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Fig.1 The schematic diagram of EDDA algorithm
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Table 2 The optimization accuracy values of DA and EDDA

wk DA EDDA

Mean Std Mean Std
F, 6.13 11.67 3.75e-63 8.13e-63
F, 1.82 0.88 7.23e-18 1.38e-18
Fy 159.64 259.94 4.28e-08 4.49e-08
F, 3.03 2.29 1.01e-05 2.69¢-05
Fy 269.57 456.25 3.16 2.16
Fe 28.46 11.08 0.00 0.00
F, 2.31 1.07 5.15e-15 1.42e-15
Fy 0.47 0.42 7.41e-03 9.25¢-03
F, 1.20 0.69 4.42¢-29 1.29¢-28
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Fig.2 The optimization convergence curves of EDDA and DA
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Table 3 The optimization accuracy values with different dimensions

D=50 D=100
PRI DA EDDA PREL DA EDDA
Mean Std Mean Std Mean Std Mean Std

F, — — 2.93e-19 1.46e-19 F, — — 6.10e-84 3.28e-85
F, 29.61 3.53 4.21e-57 8.41e-57 F, 79.88 31.32 1.07e-55 3.12e-55
F, — — 488.28 547.19 F, 58.35 6.78 27.12 9.73
F, 33.54 4.87 14.82 4.49 Fy — — 113.9 27.28
Fy — — 42.01 0.85 Fe 767.56 89.91 1.98e-10 3.96e-10
Fe 333.43 58.23 0.00 0.00 F, 12.67 2.93 6.76e-14 9.89¢-14
F, 10.13 1.87 2.00e-14 5.31e-15 Fy 172.57 62.47 0.00 0.00
Fy 37.34 9.65 2.99e-12 1.61e-12 Fy — — 4.71e-33 2.35e-33
Fy — — 6.64e-21 1.33e-20
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Table 4 The optimization accuracy values of EDDA and other improved algorithms

" PSOGSAY] DGSDAL6) EDDA
PREL

Mean Std Mean Std Mean Std
F, 1.72e-20 6.23e-20 1.00e-20 3.82¢-20 3.75e-35 1.13e-35
F, 1.51 3.58 6.52e-07 1.21e-06 7.23e-18 5.38e-18
Fy 3.51 6.57 1.63 3.09 4.28e-08 4.49¢-08
F, 1.89 2.86 0.12 0.24 1.01e-05 2.69¢-05
Fy 464.70 1215.60 109.90 379.28 3.16 2.16
Fg 36.11 16.54 11.84 6.51 0.00 0.00
F, 0.49 0.79 1.99 4.22 5.15e-15 1.42e-15
Fy 0.32 0.42 0.19 0.10 7.41e-03 9.25¢-03
F, 0.53 1.09 0.40 0.70 4.42¢-29 1.29e-28
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