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Abstract: A hybrid grey wolf optimization(HGWO) algorithm combined chaotic mapping and elite opposition-based
learning strategy is proposed for solving unconstrained high-dimensional function optimization problems. In the proposed
HGWO algorithm, the chaotic sequence is used to initiate the individuals’ position, which can strengthen the diversity
of global searching. Then the elite opposition-based learning strategy is applied to the current elite individuals, which
can coordinate the exploration and exploitation ability of the proposed HGWO algorithm. Finally, the first three best
individuals are disturbed by chaotic mapping in the process of the search so as to avoid the possibility of falling into local
optimum. Numerical experiments are conducted on the 10 high-dimensional(100, 500, and 1000 dimension) classical test
functions. The simulation results show that the proposed HGWO algorithm has better performance in solution precision and
convergence speed.
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100 7.27e+-01 4.69¢+-01 4.63e-01 9.21e-01 4.67e-07 8.09e-07 2.66e-35 1.09¢e-34

fi 500 2.35e+04 1.81e+03 1.72e+03 1.51e+02 2.22e-03 4.69¢-03 3.07e-14 1.51e-14
1000 5.73e+04 3.43e+03 1.37e+-04 9.31e+02 6.14e-01 2.58e-01 4.62e-10 2.73e-10

100 7.83e-01 3.76e-01 6.17e+4-00 1.60e+-00 2.46e-05 6.52e-05 7.51e-21 6.05e-21

fa 500 1.56e+02 7.40e+-00 9.80e+-02 2.26e+02 4.61e-01 5.25e-01 5.61e-09 1.78e-09
1000  4.36e+04 3.88¢+03 1.15e+03 2.61e+01 4.46e+00  4.60e+00 1.81e-05 1.00e-05

100 1.02e+4-01 1.22e+00  7.28e+00 8.19¢e-01 1.28e+00 9.07e-01 3.54e-05 2.50e-05

f3 500 1.86e+-01 1.08e+00  2.46e+01 8.71e-01 4.87e+00  4.49e+00 1.81e-03 2.09e-03
1000 2.14e+01 9.34e-01 3.09e+01 1.96e+00  6.97e+01 2.29¢+-00 5.77e-01 7.03e-02

100 1.35e+4-03 5.95e+02 1.14e+03 4.61e+02  9.72e+01 8.99e-+00 6.14e+00 7.00e-01

fa 500 1.79e+06 2.13e+05 6.71e4-06 1.05e+-06 4.97¢+02 4.47e-01 9.25Ey+01 5.22e-01
1000 6.02e+06 5.60e+-05 9.35e+-07 8.60e+-06 4.08¢+03 3.61e+03 9.96e+02 0.00e+00

100 3.73e+02 2.01e+402 7.46e-01 6.59¢-01 7.00e+00 9.10e-01 1.03e-05 2.18e-06

fs 500 2.59e+04 1.34e+03 1.59e+03 1.36e+02 8.83e+01 1.20e+4-00 3.76e-02 5.87e-03
1000 6.03e4+04  2.61e+03 1.33e+04 6.54e+02 2.02e+4-02 2.30e+00 8.49¢+4-00 2.75e+4-00

100 5.76e-01 2.78e-01 1.29¢+03 3.01e+02 1.40e-03 1.06e-03 1.77e-08 2.33e-08

fe 500 1.45e+02  2.58e+01 5.58e+-04 2.42e+03 6.49¢-03 1.34e-03 4.21e-06 1.90e-06
1000 1.32e+03 1.41e+402 2.43e+4-05 5.08e+-03 1.44e-02 5.30e-03 6.17e-03 3.53e-03
100 7.86e+01 1.11e+01 3.77e+02 6.38e+01 3.27e-06 1.81e-06 1.13e-13 0.00e+00

f7 500 1.46e+-03 3.91e+01 5.19¢+-03 3.24e+02 2.62e+00 1.66e+-00 1.01e-10 1.18e-10
1000 4.60e+03 1.19¢+4-02 1.29¢+4-04 4.08e+02 7.89¢+01 1.64e+01 3.95e-07 2.52e-07
100 9.56e-01 4.64e-01 2.30e+4-00 4.08e-01 1.67e-06 4.82e-07 7.55e-14 0.00e+00

fs 500 7.04e+00 1.41e-01 8.58e+00 3.71e-01 3.80e-04 2.83e-05 7.62e-09 2.50e-10
1000 8.42¢+4-00 7.70e-02 1.37e+01 4.23e-01 7.79e-02 2.03e-02 5.45e-07 7.08e-08
100 4.85e+01 1.36e+01 2.04e-02 9.57e-03 2.41e-09 3.68e-09 0.00e+00 0.00e+00

fo 500 4.34e+03 5.50e+-01 1.59e+00 2.04e-02 1.65e-05 2.13e-06 5.53e-15 1.92e-15
1000 1.35e+04 2.77e+02 8.84e+00 1.93e-01 2.17e-02 2.09e-03 2.5%e-11 1.16e-11

100 1.95e+00 2.87e-01 9.23e-01 1.03e+00 1.78e-01 2.98e-02 3.13e-06 3.37e-06

f1o 500 1.30e+-01 1.37e+4-00 6.98e¢+-03 4.30e+03 7.00e-01 3.38e-02 3.98e-05 1.69e-05
1000 2.00e+01 1.41e4-00 1.43e+4-06 3.39e+-05 8.48e-01 1.50e-02 2.83e-03 4.10e-03
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R2 ATEEN T NSERBHTERER

PR 4R SaDE DEES mDE-bES ~ HGWO
100 3.13e+01  14le-13  0.00e+00  2.66e-35

f 500  1.34e+01  6.16e-13  3.92e-13  3.07e-14
1000 3.49+01  129e-12  824e-13  4.62¢-10

100 0.00e+00  0.00e+00  0.00e+00  7.51e-21

f2 500  0.00e+00  0.00e+00  0.00e+00  5.61e-09
1000 0.00e+00  8.77e+00  0.00e+00  1.81e-05

100 1.26e+02  3.92e+01  4.00e+01  3.54e-05

f3 500 9.23e+01  5.69e+01  4.56e+01  1.81e-02
1000 1.43e4+02  7.94e+01  597e+01  5.77e-01
100 1.11e4+05  4.40e4+01  4.90e-01  6.14e+00

fa 500  2.62e+04  5.11e4+02  4.16e4+02  9.25¢4+01
1000 1.62e+05  9.65e4+02  9.00e+02  9.96e+02

100 1.58e+01  1.49e4+01  1.87e+01  1.13e-13

fr 500  131e+00 1.68e+01  191e-11 1.10e-10
1000 3.21e+01  1.69e+01  4.03e+01  3.95¢-07

100 832e-02  2.72e-01 1.44e-13  7.55e-14

fs 500  4.63e-01  88le-13  3.56e-14  7.62e-09
1000 4.28e-01 1.85e-12 1.28e-12  5.42e-07
100 3.53e-01 1.38¢-03  0.00e+00  0.00e+00

fo 500  7.48e-01 1.28¢-03 1.83e-13  5.53e-15
1000  633e+01  6.38-13  0.00e+00  2.59%-11

H 2 7] %1: 5 SaDE #.3% A L, HGWO 7£ 6 1~
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S, T SaDE 5L M 7E o 2 fo EAS 2] T 38U I 45 2R
5 DEES 8 1: 41 tb, HGWO 5L 1E 76 B 5L f3+ fas fr F0
fo L3R T HATF 25 F. X F IR R %L £, HGWO 5
VELE 100 4EAT 500 4E U 1AL 145 3, T 4E 1000
Yt 115 3 i 45 B B L DEES 83 22, X T R 8K fo,
DEES 5 7% 7F 100 4 F1500 4k - 3818 T 8 45 if 45 1,
1M HGWO S U AE 1000 4 _FEUS 78R 45 5 %
T bR # fs, DEES 575 15 500 4 111000 4 3545 7
B 45 $. 5 mDE-bES B LA L, X F R AL 1+ fo
1 fs, HGWO BLE3RAT 1A 22 285 3L 55 Tk ek £
fa~ fo R fr, HGWO BUVERUR T 357 145 5L X TR
5 fo, PIFREZIRTG T AHALM A5 . UL RS,
Al %1, HGWO SR AE R R E 7 s B B A — &
.
4 4 ®

IRARMEA B2 2 B Al 5 HA 1 — P 2R A A4 Y i
Ak T ik, e R R B T 6 AR AR 1 AT N I
L. EF XA AE GWO B2 3K fif v 4 R B A 0] A7 7
AR, ARSCH T — AR & GWO HiZ, Bl HGWO
BOE W10 M dE B AT T LSk, SRR, 5
GSA. PSO. GWO. SaDE. DEES ! mDE-bES & % #

b, HGWO Sk 78 K 7 e 8 L3R AS 1 3w i) 340
I, REAT R b B i 4 bR BRI R, T — 2Bk T
P72 K HGWO SR N SE b TRER F .
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