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Grey Wolf Optimization Algorithm Based on Strengthening Hierarchy of Wolves

Zhang Xinming'®, Tu Qiang', Kang Qiang', Cheng Jinfeng'

(1. College of Computer and Information Engineering, Henan Normal University, Xinxiang, 453007, China; 2. Engineering Tech-

nology Research Center for Computing Intelligence &. Data Mining, Xinxiang, 453007, China)

Abstract: Aiming at the low precision and local optima stagnation of the grey wolf optimization (GWQ)
algorithm in dealing with complex optimization problems, a grey wolf optimization algorithm based on
strengthening the hierarchy of wolves(GWOSH) is proposed. The new algorithm provides two kinds of
hunting-modes which are following hunting mode and self-exploration mode for each grey wolf, and each
grey wolf chooses its hunting-mode according to the social hierarchy of their own. In the following hun-
ting mode, the grey wolf only depends on the position of higher level wolves to guide itself to search the
optimal area. In the self-exploration mode, the individuals will examine the location of the higher level
grey wolf and its position at the same time, and judge the position of prey independently based on these
information. In the two hunting-modes, a survival of the fittest selection rule is introduced to ensure the
evolutionary direction of the population. The optimization results on 12 benchmark functions show that

GWOSH has stronger global searching ability and is more effective in the premature convergence avoid-
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ance and more suitable for solving high-dimensional complex optimization problems compared with the a-
vailable algorithms.
Key words: intelligent optimization algorithm; grey wolf optimization algorithm; social hierarchy; hun-

ting-modes; complex optimization problems
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Tab.1 Test functions
Name Function Dim Range Foin
Sphere fi1(x)= irf 60 [ —100,100] 0
i=1
Schwefel2. 22 o= a |+ 11 | 60 [—10,10] 0
i=1 i=1
Rosenbrock [y ()= ﬁ: [ (2, —1)*+100 (xiey +ai)?] 60 [—10,10] 0
i=1
Step F (=% a,+0.5] ) 60 [—100,100] 0
i—1
fs(x)=20+e—20exp[ — iix,}]—
Ackley i 60 [—32,32] 0
exp[% >icos(2nx;) ]
i=1
Griewank ﬁ;<Ar)=1+;;lﬁjljcos<£—f> 60 [—600.600] 0
( )7 1 ZH: ( 21 2(.)". 0. 1)2 )><
FN13 filz = 60 [0,1] —1.1
[sin® (5zx;) +0. 1cos® (5007x;) |
Rastrigin fs ()= (22 —10cos(2nr) +10) 60 [—5.12.5.127 0
i=1
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Problem 2. 21

2
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zZi
=14000
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i=1
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*ﬁcos(i)*mo’z:.f*o 60
SN

1

flz(z):20+e—20exp(—%A /%Lz )—
i=1

eXp[%ﬁacos(an; )]—140z=x—0

60 [—100,100] —450
60 [—100,100] —450

[—600,600] —180
60 [—32,32] —140
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®3 SHEFERETY EHNIKE R
Tab.3 Test result comparison of five algorithms on unimodal benchmark functions

Fun  Algorithm Best Worst Mean Std
DMPSO 9.295 le—40 1.107 2¢e—30 3.766 0e—32 2.020 le—31

SinDE 2.703 5e—06 9.760 3e—04 6.690 5e—05 1.778 Ze—04

/i ABC 1.402 4e—04 0.013 2 0.001 6 0.002 5
GWO 1.392 7e—44 1.212 7e—42 2.605 S5e—43  3.216 5e—43
GWOSH 9.185 6e—51 4.491 3e—62 5.572 3e—52 1.921 3e—51
DMPSO 5.279 2e—26 5.806 Te—22 6.773 8e—23 1.288 8e—22
SinDE 8.259 3e—05 6.056 7Te—04 2.227 9e—04 1.149 7e—04

So ABC 0.007 6 0.058 4 0.021 2 0.012 8
GWO 8.304 3e—27 4.428 2e—25 8.927 4e—26 8.511 6e—26
GWOSH 2.885 7e—34 3.301 3e—29 2.168 Se—30 6.187 Se—30

DMPSO 1.856 2e—16 371.446 9 78.336 9 133.115 3
SinDE 53.892 9 119.271 3 63.534 2 17.679 0
NE ABC 12.624 1 180. 316 3 74.943 1 45.748 5
GWO 55.196 9 58.548 0 57.106 1 0.910 6
GWOSH 54.972 1 56.909 0 55.899 4 0.521 0
DMPSO 0 0 0 0
SinDE 0 0 0 0
fi ABC 2 28 12 6.756 9
GWO 0 0.600 0 0.932 2
GWOSH 0 0 0 0

R4 SHEFESERB EANIKERITLL

Tab.4 Test result comparison of five algorithms on multimodal benchmark functions

Fun  Algorithm Best Worst Mean Std
DMPSO 2.664 S5e—15 7.371 9e—14 2.208 6e—14 1.699 3e—14
SinDE 2.487 9e—04 0.004 0 0.001 4 0.001 2

Ve ABC 0.0401 1.252 5 0.519 9 0.319 0

GWO 2.753 4de—14 4.174 4e—14  3.463 9e—14 4.376 le—15

GWOSH 2.664 Se—15 1.332 3e—14 6.454 1le—15 1.597 9e—15
DMPSO 0 0.001 3.408 6e—05 1.859 7e—04
SinDE 9.016 6e—07 0.007 4 3.205 7e—04 0.001 3
fs ABC 1. 674 8e—04 0.093 9 0.029 3 0.028 3
WO 0 0.0357 0.003 4 0.008 5
GWOSH 0 0 0 0
DMPSO —1.100 0 —1.004 3 —1.086 8 0.031 6
SinDE —0.912 0 —0.839 7 —0.880 6 0.0150
[ ABC —1.029 0 —0.980 2 —1.003 4 0.009 6
GWO —0.952 0 —0.782 7 —0.860 3 0.041 3
GWOSH —1.100 0 —1.008 6 —1.093 7 0.003 1
DMPSO 0 59.697 5 5.969 8 18.215 4
SinDE 83.355 8 190.621 7 129.198 2 20.323 9
fs ABC 9.241 2 32.057 3 21.362 3 6.324 2
GWO 0 16.580 9 1.029 6 3.586 6

GWOSH 0 1.065 8e—13 1.065 8e—14 3.252 le—14
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Tab.5 Test result comparison of five algorithms on shifted functions

Fun  Algorithm Best Worst Mean Std
DMPSO 2.841 6e+04  4.174 4e+04 3.484 le+04 3.195 2e+03
SinDE —450.000 0 —449.997 7 —449.999 8 4.539 3e—04
fo ABC —449.999 3 —449.924 1 —449.984 0 0.017 7
GWO 4,220 1le+03 1.785 8e+04 9.418 7e+03 4,212 0e+03
sWOSH 2.862 3e+03 1.511 3e+04 7.704 8e+03 3.851 8e+03
DMPSO —412.963 8 —399. 806 7 —406.411 9 4.729 1
SinDE —432.544 3 —406. 212 2 —420.238 1 6.610 3
fio ABC —338.762 4 —312.781 5 —321.980 2 6.057 7
GWO —412.950 3 —401.594 8 —404.854 0 3.286 5
GWOSH —439.264 2 —420.092 3 —425.626 6 2.780 1
DMPSO 36. 170 60 113.503 2 65.892 5 20.212°7
SinDE —180.000 0 —179.992 1 —179.999 2 0.002 0
fn ABC —179.992 8 —179.479 5 —179. 864 6 0.1259
GWO —147.430 2 16. 763 80 —93.023 8 42.748 2
GWOSH —165.351 0 —66.563 8 —129.291 8 26.718 7
DMPSO —124.961 6 —122.707 6 —123.7955 0.509 0
SinDE —139.999 7 —139.985 6 —139.997 9 0.002 7
Sz ABC —138.329 5 —136.759 9 —137.606 5 0.393 9
GWO —131.862 9 —123.521 0 —126.792 4 2.029 5
GWOSH —132.566 7 —125.068 1 —129.645 0 1.939 3
F R GWO Bk X FH GWOSH HiE R i GWO X F A& H 118 R 45 [0 4 & F 419 -1 Ak
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Tab. 6 Comparison of running time for five algorithms S
Fun DMPSO SinDE ABC GWO sWOSH
S 1.001 0 0.647 19 0.793 55 0.819 56 0.528 26
e 1.104 0 0.738 51 0.939 49 0.898 17 0.547 88
e 1.161 3 0.812 77 0.960 06 1.003 20 0.490 95
i 1.057 7 0.684 30 0.822 58 0.873 26 0. 496 65
fs 1.240 8 0.915 58 1. 081 90 1.016 80 0.591 35
S 1.7210 1.427 00 1.596 10 1. 448 50 0.593 64
[ 1.863 9 1. 719 80 1.786 90 1.773 50 0.845 99
fs 1.133 3 0.827 63 0.968 38 0.887 13 0.582 94
fo 1.731 6 1. 365 90 1. 461 40 1. 457 20 0.557 68
1o 1.752 0 1. 387 80 1.519 60 1.416 10 0.541 44
Su 2.439 4 2.053 30 2.221 10 2.145 20 0.671 97
Sz 1.968 0 1.602 80 1. 785 90 1. 680 40 0.672 55
Average 1.514 5 1. 181 88 1. 328 08 1.284 92 0.593 44
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PR R R H S AT O AA B I HLAE S5 A U B DMPSO, SinDE il ABC 7
THE 3 IV B RO N 2R R AT B O L T GWOSH Y 3583 7T SR JH 0K 4 347 38 33 5 =, AT
KgHe m TR T B . M GWO B3 B3 R B 50 J ) A 4 48 19 AR A5 o o % AR 0 a2 47 110 4 Ak
PRFN SR R AT AR BOLRERT L GWOSH £, %45 | T ik . GWOSH 8 3 AN 45 75 BB S bR B 2 B8
PRA B TR 1 B 2= R A b 5 i GWO S35 A He #0 HL A S0 00 5 (9 0 A 1 B BB 38 ok R 2 A S
BRI AR ) A AL 1 BB B 38 DMPSO . SinDE #1 ABC 5.3 , It DA AR SCH 25 1 el b 2 O T 471

4 LERIE

GWO B35 Je Bl $2 iR RE AL L 33005 - A 1P 207 IE AR DR 9T . AR SR X st GWO SE1E (A
i A P AE 9 5 BN SR i g D0 A B L B T R B AR ORI 25 A BE X TR AR A A R WA IR A R AT B
H T o R P AR A AR L KR AL B IR P I R T B A BB A R A R R K
P o 5 A T AR e 3R PR o A ) e R AR TRE P A R A L I T R A A I E TS o R BUR B P
S5 GRS AR AR GOPAR I 51 AR - SCREAE 78 70 42 4 i BE (07 B 15 S S aib b 3% AR B ERESh Ik, 42
1o ol AR 11 22 gl O B AR B B 0 o (0 LS T 4 2R S W« AR SR ) B SR R A A B Bk Y
4 Jey 8 AR BE ) M B FH TR AR R 4 1 S 2% A0 A R
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