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Abstract

In order to further improve the development and exploration capabilities of Grey Wolf Optimiza-
tion (GWO), a Pelican Optimization Algorithm (POA) is proposed to initialize the position of Grey
Wolf (POAGWO). POAGWO algorithm uses POA algorithm to optimize the initial position of GWO
algorithm, which helps to enhance the development ability and exploration ability of POAGWO al-
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gorithm. Then, six typical test functions of different types of single peak, high-dimensional multi-
modal and fixed dimensional multimodal are used to test the performance of the algorithm. The
test results show that POAGWO algorithm outperforms POA algorithm and GWO algorithm in both
development and exploration capabilities, and it can also be seen from the six iteration curves that
the improved algorithm can quickly approach the global optimal solution. Finally, POAGWO algo-
rithm is applied to four engineering optimization design problems, and the application results show
that POAGWO algorithm has good performance.
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Figure 1. GWO algorithm flow chart
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Figure 2. Pelican optimization algorithm flow chart
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Table 2. Basic information of 6 test functions

z 2.6 MURERHELRRER

T R 2 R VG YL PR A
F(x) [-30, 30] 30 0
F(x) [1.28, 1.28] 30 0
F(x) [-500, 500] 30 ~12,569
F,(x) [-50, 50] 30 0
F,(x) [-50, 50] 30 0
F,(x) [-65.53, 65.53] 2 0.998

5.2. GRS

TFRRE SRR T2 SEAE JR B 3R IR R T el s 2 2 R L R 0 IRAEIX — Wb, — ittt
BV L 12 e 0 R AT 8 T 0 5 Y e 0 DS Bl P s 1), DR S & I HE e R (opt) . KRR RETIIRAR T
SELIDAE ) LA e 2 1A) PR REAT 4 SR 8 2R 5 ) 0 o DL DXk AR B T R A X I e 77, DASR I i 11
Bl (avg). BIL, FEECB UMM SEVERS, B AER M S R 48 2 2 1) I R VU0 L 25 4 R e X I 400
HAEmmEREE S . WREE IR 2 R EAILINE BAT 24 /AR AL A iR B JC N B 2

XU IR R, 7 AI ] GWO Sk, POA 5k, POAGWO Sk MALIg4T 30 K, Giit 13311
RES FIER SR INE 3 Pos.

Table 3. Optimization performance comparison of three algorithms in test function

3.3 MESEENIN R & B I MERERTEE

Bk £ (x) F (%) F (x) Fy(x) F(x) Fy (x)
opt 28.8819 —6705.6837 0.4277 2.5345 0.9980 1.3662E-04
POA
avg 28.9496 —5314.4642 0.7727 2.9870 1.5600 2.7494E-03
opt 684.4844 —6137.3029 1.1643 6.9361 0.9980 3.4846E-02
GWO
avg 500.5553 —6137.4419 5.8061 23.5432 9.1621 1.1070E-01
opt 28.1349 —8312.4419 0.0492 1.1273 0.9980 4.0672E-05
POAGWO
avg 28.7533 —6137.4419 0.1798 1.7891 1.4073 2.5936E-03

MZ 3 ATLLE S, 5 GWO #i%k. POA BiEMEL, POAGWO HiES 3R IE 2 &/ M. B,
POAGWO 5y BA B s i) 7 4 IAVE m I IF K REF. [AIlE, POAGWO HiEA5 2 i T HAE 12 F /o
[Rlt, POAGWO BN T i) f fifg v 2 8] Hh () 4 SR 48 R B IR S AR R GE 11, FF ELRERE IR 1) HE B R A =30
X 45

GWO 5. POA H%:F1 POAGWO A 6 NI BR# A2 tn 14 3~8 Fiaso
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6.1. EhEFEIHRK
J g e — A i i TR R ME Bt L, HoR IR 9 FroR[10]. % f A

A
Consider:
X = [xl,xz,x3,x4] = [Ty,Th,R,L]
Minimize:
F =0.6224x,x,x, +1.778x,x +3.1661x x, +19.84x/x,

Subject to:

g (x)=-x+0.0193x, <0

g, (x)=—x,+0.0954x, <0

a4
g (x) =—TOX; X, —Enx3 +1296000 <0
g,(x)=x,-240<0

With bounds:

0<x,x,<100, 10<x;,x, <200

Figure 9. Pressure vessel design diagram
9. EhBEHFREHREE

X R 1 gs B AL R POAGWO SEy5sKRfg, FF5RASCER111H 1 SBSM Bk, SCHR[12]
H ) CPSO %, SCHR[13]7 ) HPSO Sk, SCHR[14]19 9 ES BUEASCHR[ 11190 CS BV KR K 1125 4%
PEH ) R 25 R AT L . EEE S R 4. £ 5 B,
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Table 4. Performance test results of six algorithms for pressure vessel design optimization

= 4. 6 MECEXMENBFFJHA AR LR

Bk A T fE RZE PRUE(E
SBSM 6171.0000 6335.0500 6453.6500 -
CPSO 6061.0777 6147.1332 6363.8041 86.4500
HPSO 6288.6770 6099.9393 6288.6700 86.2000
ES 6059.7143 6355.3431 6846.6284 2.600E+2
CS 6059.7143 6447.7360 6495.3470 505.6930
POAGWO 5885.3328 5929.1756 6100.0740 68.8217

M 4 TR, FEX SRS AL MR R g P B IZEE . FIMEMFRAEZE
th#, POAGWO HE#2 A0 T SBSM &35, CPSO 3%, HPSO 8%, ES Bk CS Bk, X /2Ll
Pl 7 POAGWO HiEAHEL T 5 SBSM &k, CPSO #ik:. HPSO Bk, ES HyEA CS BUVAE X hifd/ &

AR TR T A R SR A R A B i ) LT RE

Table 5. Optimization results of six algorithms for pressure vessel design optimization

5.6 MESEXM ENFFRIHAHMALER

A7 SBSM CPSO HPSO ES cs POAGWO
T, 0.8125 0.8125 0.8125 0.8125 0.8125 0.7811

T, 0.4375 0.4375 0.4375 0.4375 0.4375 0.3862

R 42.0984 42.0913 42.0984 42.0984 42.0984 40.4706

L 176.6371 176.7465 176.6366 176.6371 176.6366 198.0507
2 -0.0023 -1.400E-03  —8.800E—07 —1.000E—6 - —6.350E—05
o —0.0359 —3.600E-03  —3.600E—02 —0.0359 -0.0359 —1.539E-04
2 —23420.5966 -118.77 3.1226 —0.8358 - —727.6033
2 -57.71550 —63.2540 —463.3634 —63.3629 - —41.9493
F 6171.000 6061.0780 6059.7140 6059.7144 6059.7143 5885.3328

M 5 AT LLE H, POAGWO Skt 55 i/ ME N 5885.3328, 1fif SBSM ik CPSO #.ik. HPSO
Bk, ES BEA CS Bkt 85 4S9 B0 6171.000, 6061.0780, 6059.7140, 6059.7144, 6059.7143,
¥#ETF POAGWO HiF:, XFH POAGWO BiEReUSHE I RN IF K ME, =2MUE 1A bR

P —Fh BB A AL B
6.2. hifs/FEAEE L

or 1/ S 240 540 B e T DAL il B — AN R R ME IR, HORE B 10 PFos(15]. 110 ) e e
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12566x,x;  5108x;
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Figure 10. Stretch/compression spring design schematic

10. R/ E4ERE R RERE

A POAGWO SEid0 B i/ 5 4 3 8% v v A e BEAT SR AR, IF 5 FIRISTHR[ 16 ) CGFDE %.i%
CPSO SRR/ 4 & B I R ) 85 R BEAT FE. BEBREE R ANER 6. 4R 7 Fow

Table 6. Performance test results of three algorithms for tension/compression spring design optimization

3 6. 3 MECEI R/ ELE R ERIHULRY M REMIREE R

(=A7R Best Mean Worst Std
CGFDE 0.0377 0.0457 0.0484 0.0156
CPSO 0.0591 0.0978 0.104 0.0224
POAGWO 0.0099 0.0101 0.0118 0.0004

MFE 6 W LA, FEXT A 4 S ek i) R SR R s R s e B A PIE AR
EZMELEF, POAGWO BiEHZEM T CGFDE &%k, CPSO B, X AL T POAGWO &Lt
T5 CGFDE ®ik. CPSO SyFAE 5 A/ 48 50558 4 VA Ak o) 5 %) SR A v 4 5 s 1) SO0 PR R o
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Table 7. Optimization results of three algorithms for tension/compression spring design

7.3 MECEXR R/ EFSE E R RI MM ER

AR CGFDE CPSO POAGWO

d 0.0670 0.0760 0.005
D 0.4940 0.6020 0.0372
14.990 14.990 8.8278

g —0.2493 —0.3655 —-0.0107

Jeo3 —-0.3720 —0.4823 —0.0069

Jeg) —1.5724 —0.9649 —4.7568

& —0.6260 —0.5480 —0.7188
F 0.0377 0.0591 0.0099

WA 7 TR LV, POAGWO Sk THE 5 5 /ME A 0.0099, 17 CGFDE %A1 CPSO kit 55
M4 B354 0.0377.0.0591, $)2F POAGWO Hi%. iIXx %K I POAGWO R REis 48 -3 58 IF I /AL {E
FE SR/ B W AT Ak e R — R BB A R e Ak 592
6.3. =ML

AT SRR 1) R R R R A BT R 17], R IR AN R SRR R RE . ARk
HAfg /ML= EE. AR E(x,, x,) T B COR AT PR TIAN . 33X A 1) A 0 A Y

W
Consider:
x=[x,x,]
Minimize:
F=l()c2 +2\/§xl)
Subject to:
X
x)=—=2——P-0<0
alx) 2x,x, +~/2x
g2(x):Lﬁx12p_ago
2x1x2+\/§x1
1
x)=—+—P-0<0
&)=
Where:
/=100, P=2, o=2
With bound:

0<x,x, <1

DOI: 10.12677/pm.2023.137205 2002 P2k


https://doi.org/10.12677/pm.2023.137205

WA, X

FIFH POAGWO St =HHT 28 Bert Ak e B AT SR, IF- 50 B SR [18]H (1) AOA B2k, SCHR[19]
Hf) CIAYA 835, SCHR[20]1H ) mGWO 5%, JADE %, CMA-ES 5%, modGWO HiEM GABC %
%, SCER[21]H [ m-SCA B2, SCA BEF CS 5%, SCHR[22]+ 1) MFO &%, SCHk[23]H 1 HHO-SCA
Bk, SCER[24]9 1 CCSA 51320 Best-so-far HILSRME = ATHI ALt O0 A4k il ) 45 SR AT LA . bhse s
R 8 fim.

Table 8. Optimization results of 15 algorithms for three-bar truss design optimization

= 8. 15 MESEN = A S LSS R

A X X, F
AOA 0.79369 0.39426 263.9154
CJAYA 0.7886925585 0.4081990117 263.895844
mGWO 0.7885845 0.4085071 263.8961
JADE 0.78753 0.41150 263.8968

CMA-ES 0.78623 0.41608 263.9867
modGWO 0.7878452 0.410618 263.8974
GABC 9.78784 0.41062 263.8966
m-SCA 0.81915 0.36956 263.8972
SCA 0.78669 0.41426 263.9348
CS 0.78867 0.40902 263.9716
MFO 0.7882447709 0.4094669058 263.8959797
HHO-SCA 0.788498 0.40875 263.8958665
CCSA 0.78865625 0.40830170 263.895844
Best-so-far 0.7886711 0.40912463 263.895976
POAGWO 0.78867513 0.4082482952 263.895843

M 8 FT LA Hi, POAGWO Sy AE = A M7 4L B0 1T = FFMT 2280 T il /85 345 (1) e /N B M 263.895843
AOA 5. CIAYA 5%k, mGWO ik, JADE 5%k, CMA-ES Hi%. modGWO &%, GABC #ik.
m-SCA ik, SCA Bk, CS Hik. MFO &%k, HHO-SCA #i%:. CCSA k. Best-so-far 5345 5 () 44
By 263.9154, 263.895844, 263.8961, 263.8968, 263.9867, 263.8974, 263.8966, 263.8972, 263.9348,
263.9716, 263.895979682, 263.8958665, 263.895844 il 263.895976, 4t POAGWO Hik1S H 45 A
K, POAGWO SyEAF I 45 R s 775 S br TR 24 i KA HE F K . FTUAE tH, POAGWO 5k
bl A B0 B S A A T 4 R

6.4. SEMEEFHZ AL

AAGIE AR LT PEAL iR R MU TR SUSAAT AL AL BE vt 1) . e DU A B A — A AN
AH[25]0 AAEIE R A B BTt i B 0 B R R a0
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Consider:
xz[xl,xz,xs,x4] =[h,l,t,b]
Minimize:
F =8.61x10°x"x,x;7°x;"* +3.69x10% x; + 7.72x10° x, 'xJ*"* —765.43x10°x;"
Subject to:
g(x)=x%"+x"-1<0
With bounds:

20<x <50, 1<x,<2, 20<x,<50 and 0.1<x, <60

FIH POAGWO Fyk xS AR % R A5 WLt ) AR AT SRR, -5 R F SCHR[26]17 1) WOAmMM 5y
WOA 5%, SOS k. BOA Bk, SSA Bk, PSO B A DE 535K S A5t R 48 MLt Ak o) ji
H45 AT . LA As R4 9 B

Table 9. Optimization results of 8 algorithms for gas transport compressor design optimization

9. 8 MBECEX SR EREIIHT LRI MU ER

A h l t b F
WOAmMM 50 1.18 24.83 0.3831 2.9649E+06
WOA 50 1.18 24.58 0.3883 2.9658E+06
SOS 50 1.18 24.58 0.3883 2.9649E+06
BOA 33.19 1.10 26.48 0.2162 3.0070E+06
SSA 26.19 1.10 21.47 0.2119 3.0341E+06
PSO 31.79 1.10 31.57 0.2224 3.0509E+06
DE 50 1.18 24.59 0.3884 2.9649E+06
POAGWO 49.96 1.1778 24.314 0.3874 2.9649E+06

MF 9 FHETLAE H, POAGWO HFit 5 5 s/ ME N 2.964895E+06, i WOAmMM ik, WOA &
5. SOS Hik. BOA Hik. SSA ik, PSO Hik. DE Hikit G 45 B 43 5N 2.9649E+06. 2.9658E+06-
2.9649E+06+ 3.007E+06- 3.0341E+06- 3.0509E+06- 2.9649E+06, ] % T POAGWO H.7% . iX % POAGWO
SURAE SR AR SRS TR AL TR A m) ) B vEREAR R, AT AR 3 B 4 i i AR
7. B4

IN=A

1) AT I — TR AR A A ARG, ST SRA e L i 2 BN 2 4 2 S 1 6 A
HAR R EOG St AT TN b, O TRt R EAMITERE, K POAGWO BLikmififeai R
POA SHEA GWO SRS RABEAT 1 HEL. 455RY], POAGWO HiEkRA R M 4R FIU e
I H. POAGWO A AT R0k 4% 2R 2% (8 M - 4k i fIE X 37 T LA AR SR R T RE I AN IR BE T o

2) #id N POAGWO SR g 1w as bttt s pof/ g it fotl . =Frir st et n
SRR RIS 4 A TR BT RDEL JF- 5 HA R RS ATt 45 R W], POAGWO 5k
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gt DR S B P B e DL T T B NI TERE . 34k, IR 1A B IR SR A SR A SC b
I )

3) fESKBR AL, POAGWO SiE R LAFIRAME GRS FPRL AU AL DL, Bl unf5s 5 K0 HLas#
A WARGIAEE . BRILZA, POAGWO SLF IR SRR BT it (ERANIE R &,
KA — DI

&5k
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