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Abstract: The basic salp swarm algorithm (SSA) may suffer from the drawbacks of slow convergence and low
accuracy of high-dimensional solutions. To solve these limitations, we proposed an improved SSA algorithm
(OOSSA) which integrates orthogonal refracted opposition-based learning strategy and self-adaptive inertia weight
strategy into SSA. In orthogonal refracted learning strategy, the refracted opposition-based learning based on the
optical lens imaging principle was employed to enhance the exploration scope of the inverse solution space, which
greatly reduced the probability of the algorithm falling into the local optimum. The orthogonal experimental design
was used to construct several partial opposite solutions that take the refracted-based inverse values in part of the
dimension, so as to deeply mine and preserve the dominant dimensional information of the current individual and
the refracted-based opposite individual. In addition, an adaptive inertia weight was introduced in the follower
position update phase to effectively improve the follower search pattern and enhance the local exploitation ability of
the algorithm. The CEC2017 benchmark functions were employed for simulation experiments. Also, Wilcoxon’ s
rank-sum test and Friedman test were performed to verify the superiority of the proposed method. Experimental
results show that the proposed OOSSA outperformed the basic SSA, eight improved SSA variants, and nine cutting-
edge swarm-based intelligence algorithms. Moreover, the algorithm was applied to an engineering design problem,
and results show that the algorithm had better performance than other algorithms in engineering optimization.
Finally, an OOSSA-based robot path planning approach was developed for solving the path planning problem in

autonomous mobile robots. The proposed algorithm was simulated in three environment settings and compared with
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other algorithms including particle swarm optimization ( PSO) , artificial bee colony ( ABC), grey wolf optimizer
(GWO) , firefly algorithm (FA), and SSA. Simulation results show that the proposed algorithm could plan the

optimal collision-free paths compared with its competitors. The systematic experiments indicate that the OOSSA

algorithm can be an effective tool for problem optimization.

Keywords: salp swarm algorithm; refracted opposition-based learning; orthogonal experimental design; self-

adaptive learning; benchmark functions; engineering design optimization; path planning
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Fig. 1  Optical lens imaging principle
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Tab.2  Comparison of OOSSA and SSA variants on twelve 100-dimensional test functions
PREL Geitas SSA LSSA MSNSSA ASSA GSSA OBSSA ASSO RDSSA  IWOSSA 00SSA
Si P 1.49x10° 2.60x107° 1.82x10°2 5.06x1072 1.08 x10~" 3.96 10~ 1.97 x10 % 2.10x10™>* 1.28 x10™* 0.00
FrfE2s  4.07x10>  2.70x107% 4.57x10°% 2.37x107% 5.55x107" 3.81 x10™ 2.29 x10"% 1.15x107>" 1.11 x10™* 0.00
Hes 10.00 8.00 5.00 9.00 6.00 3.00 4.00 2.00 7.00 1.00
S F¥IME 4.66x100  8.46x107% 1.06x107" 2.22 %1072 3.55x107"7 1.85x107% 1.11 x107" 5.45x10"2 4.90x10* 0.00
FifE2E 7.65x10' 3.87x107% 1.76x1072 5.90x107* 5.40x107"7 1.07x107"® 7.72x1075 2.99 x10"* 2.46 x107* 0.00
He 10.00 9.00 6.00 8.00 3.00 4.00 5.00 2.00 7.00 1.00
S FEE 470x10° 7.18x10°  6.27x107% 1.67x10*  1.68 x10*  4.81 x10™* 1.93x107% 7.50x10™* 1.03 x10°  0.00
brEZE 2,36 x10° 5.78x10°  4.30x107% 1.05x10°  1.06x10° 5.60x107% 1.15x107% 3.29 x10™* 2.96 x10*  0.00
Hes 9.00 6.00 5.00 7.00 8.00 3.00 4.00 2.00 10.00 1.00
So F¥E 2.80x10"  2.30x10"  4.00x107 1.05x10"  2.33x10' 5.54x10°7 3.61 x107* 3.77x10"* 4.59 x10'  0.00
FriEZE 2.8 4.54 1.01 1072 2.69 3.08 3.38x107"7 3.37x10°5 2.07x107" 6.33 0.00
He4 9.00 7.00 5.00 6.00 8.00 3.00 4.00 2.00 10.00 1.00
S5 E¥E 2.70 6.60x107" 2.55x10™* 8.99x107% 2.00x10™" 1.08x10™* 1.07x10™* 7.34x10°* 8.51 x107* 6.81 x107°
FRfEZE 6.00x107" 1.95x107" 2.14x10™* 2.51x107% 3.40x107" 1.20x107* 1.22x10™* 4.78x10™* 3.37x107* 6.67 x107°
He44 10.00 9.00 4.00 7.00 8.00 3.00 2.00 5.00 6.00 1.00
Jo F¥IE  1.32x107  6.16x10°  1.56x107"® 4.32x10*>  3.62x10°" 6.36 x10°% 2.08 x10™2 2.65x10™ 1.32x107> 0.00
FrfE2E 3,91 x10°  4.80x10°  3.73x107° 2.07x10>° 1.03x107% 6.15x107% 2.56 x10"> 1.45x10°" 1.04 x107> 0.00
Hes4 10.00 9.00 5.00 8.00 6.00 3.00 4.00 2.00 7.00 1.00
S F¥E 3.22x100 8.58 1.78 x10°" 1.49 2.31x10"  1.63x107" 9.65x107" 2.60x107° 2.03x10"  1.94x10~!
FrfEZE 9.00 4.39 4.18x107% 1.10 8.50 2.9x107% 5.14x107% 6.10x107* 1.19x10"  4.57 x10~?
Hes 10.00 7.00 3.00 6.00 9.00 2.00 5.00 1.00 8.00 4.00
S VG 2.41x102 1.84x10>  0.00 2.10x10*>  6.50 x107° 0.00 0.00 0.00 3.22x10°  0.00
b2 5.96x10'  1.06x10*>  0.00 4.87x10"  3.55x107° 0.00 0.00 0.00 1.12x10*>  0.00
Hes 9.00 7.00 1.00 8.00 6.00 1.00 1.00 1.00 10.00 1.00
Jo FHME 9.93 2.58x107% 1.68x107'2 3.08 x107% 2.68x107° 8.88x107" 1.88x10°™ 4.20x10°" 6.67x10~" 8.88x107"°
bRz 117 1.75x107% 3.06x107" 9.60x10> 6.09 x10™° 0.00 2.37x107% 9.01 x107'¢ 3.65 0.00
Hes 10.00 7.00 5.00 8.00 6.00 1.00 4.00 3.00 9.00 1.00
So FHE 1.29x10"  3.57x107* 0.00 4.06x1072 1.29x107" 0.00 0.00 0.00 8.00x107* 0.00
b2z 3.31 5.68 x1072 0.00 4.07x107% 3.65x107 0.00 0.00 0.00 1.62x1072 0.00
Hes 10.00 8.00 1.00 9.00 6.00 1.00 1.00 1.00 7.00 1.00
Su FHE 7.68x107" 2.17x1072 1.36 x107* 8.60x107° 9.84x107" 1.98x10>° 1.69x10™® 1.10x10"% 1.24x107* 3.59x10~'*
FrfEZE 2.05x107" 1.31x107% 3.9 x10°* 3.70x107* 4.10x107" 3.35x10" 4.80x10°® 5.52x10°% 1.91 x1072 1.88 x10~'7
Hes 9.00 8.00 4.00 6.00 5.00 10.00 3.00 2.00 7.00 1.00
S B 5.07 3.22x107" 1.27x107° 1.63 3.38x107" 4.83x107° 1.29x1077 2.40x107" 3.32x1072 0.00
FRfE2E 2.30x107" 2.12x107! 9.52x107% 3.64x107" 2.84x1071° 1.18 x10™° 4.42x107° 9.75x10°5 3.25x107> 0.00
He 10.00 8.00 6.00 9.00 3.00 4.00 5.00 2.00 7.00 1.00
FHEE 9.67 7.75 4.17 7.58 6.17 3.17 3.50 2.08 7.92 1.25
Friedman ~ 10.00 8.00 5.00 7.00 6.00 3.00 4.00 2.00 9.00 1.00
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Tab.3 p-value for Wilcoxon’ s rank-sum test on 100-dimensional benchmark functions
PRI SSA LSSA MSNSSA ASSA GSSA OBSSA ASSO RDSSA IWOSSA
fi 1L.21x1072  1.21x1072  1.21x107%  1.21x10"%  1.21x107? 1.21x107 1.21x107% 1.21x10"% 1.21x10° "2
f L21x1072  1.21x1072  1.21x1072  1.21x10"%  1.21x1072 1.21x1072  1.21x1072  1.21x10"2 1.21x107 "2
J3 1.21x1072  1.21x1072  1.21x1072  1.21x10"%  1.21x1072 1.21x1072  1.21x107%  1.21x10"% 1.21x107 "
Ji 1L.21x1072  1.21x1072  1.21x1072  1.21x10"%  1.21x1072 1.21x1072  1.21x107%  1.21x10"? 1.21x107"
fso 3.mx107" 3.2x107" Lax107t 3.02x107" 3.02x107"  1.30x107'  4.46x107'  1.78x107  3.02x10°"
Jo 1.21x1072  1.21x1072  1.21x1072  1.21x1072  1.21x10"%  1.21x10"2  1.21x1072  1.21x1072  1.21 x10~"
S 3.mx107" 3.2x107" 1L.9x107' 4.62x107°  3.02x107" 7.60x107°  3.02x10°"  3.02x10°"  3.02x10°"
Js 1.21x1072  1.21x107" N/A 1.21 107" 1.10x10 2 N/A N/A N/A 1.21 x107"
Jo .21 x1072  1.21x107"%  1.21x1072  1.21x107% 1.21x107" N/A 5.65x1078  7.15x107%  1.21x10° "
Sio 1.21x10°2%  1.21x107" N/A 1.21x10°2 221 x107° N/A N/A N/A 1.21 x10°2
Suoo 3mex107t o 3.2x107" 3.2x107" 3.02x107" 3.02x107M 3.2x10°" 3.2x107" 3.02x107" 3.02x107M
S 1L21x1072 1.21x1072 1.21x1072 1.21x107% 1.21x1072  L21x1072 1.21x107%  1.21x10°2 121 x1072
+/ =/ - 12/0/0 12/0/0 9/3/0 12/0/0 12/0/0 7/4/1 9/3/0 9/2/1 12/0/0

3.3 WS RMEIARIES

ARTSORFEAS SSA B AR T W7 T A ik,
2k OLOBL 3 Wi L 1 AL 5 W (inertia weight,
IW) , g 1 56 UE PR B SR W ) A7 250, 20 AT
HRABI LA SSA Bk v, 45 %] OLOBL-SSA Al IW-
SSA vk, M Ah, #4545 OBL 1Y IE 58 J 1) % )
(orthogonal opposition-based learning, OOBL) #x A
SSA 1, 7531 OOBL-SSA, 35 OLOBL-SSA #47 %}

FE, LAB&IE LOBL il OBL 5 W& B9 A 20 . A7 e L
1 g 12 A0 pR ERHE AT O B S5 Ok L8R
OOSSA ., OLOBL-SSA |, IW-SSA | OOBL-SSA I 3% 7
SSA Bk, WE A L AR 30, ek
BRECTEH B 15 000, R4 % 8 N 100 4,
B EIEAE R BRI LIS IZ AT 30 W, A AHE SR E
T2 bR vfE 22 Friedman HE4 #5560 45 5, L
%4,

®4 RATEKHFKIA SSA Bk CEC2017 LML ER
Tab.4  Comparison of SSA with different improvement strategies for CEC2017

PREL SITHER SSA OLOBL-SSA IW-SSA 0OOBL-SSA 00SSA

S FEH 1.49 x 10 0.00 2.41 x107% 1.84 x10°% 0.00
PRifE2E 4.07 x 102 0.00 3.61 x10 % 2.29 x10°% 0.00
He44 5.00 1.00 3.00 4.00 1.00

£ P¥IE 4.66 x10' 0.00 1.25x10 8.70 x 1012 0.00
bR 7.65 0.00 1.23 x10 % 5.85x10 71 0.00
He44 5.00 1.00 3.00 4.00 1.00

fi FE 4.70 x10* 0.00 1.53 x10°% 1.61 x10°% 0.00
b2 2.36 x 10* 0.00 5.66 x10 4 1.39 x10 =% 0.00
He44 5.00 1.00 3.00 4.00 1.00

fo o PHIME 2.80 x 10! 0.00 4.44 x10°2 2.44 x10 1 0.00
FrifE2s 2.84 0.00 6.29 x10 % 2.61 x10°12 0.00
He44 5.00 1.00 3.00 4.00 1.00

fs o FHME 2.70 7.40 x10 73 7.97 x10 73 2.12x107* 6.03 x107°
b2 6.00 x10 ! 6.67 x107° 6.15x107° 1.86 x10~* 6.08 x10~°
He44 5.00 2.00 3.00 4.00 1.00

fo  TIMH 1.32 x107 0.00 2.34x10°% 1.15x10"°'® 0.00
PRifE2E 3.91 x10° 0.00 3.56 x10 % 1.32x10°18 0.00
He44 5.00 1.00 3.00 4.00 1.00

S FHME 3.22 x 10! 1.47 x10 7! 1.87 x107! 1.71 x10 7! 2.66 x10 72
Frif 2z 9.00 3.28 x10 72 3.38 x10 72 4.12 x10 72 5.00 x 10 72
He44 5.00 2.00 4.00 3.00 1.00

Sy FIE 2.41 x10? 0.00 0.00 0.00 0.00
bR 5.96 x 10! 0.00 0.00 0.00 0.00
He44 5.00 1.00 1.00 1.00 1.00
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PREL  SeihaR SSA OLOBL-SSA IW-SSA 0OBL-SSA 00SSA
fo o F¥IME 9.93 8.88 x101° 4.44 x10°1% 1.44 x10°"2 8.88 x10 1
ARUERE 1.17 0.00 0.00 8.44 x10 1 0.00
He£4 5.00 1.00 3.00 4.00 1.00
So o TPIHME 1.29 x10' 0.00 0.00 0.00 0.00
brifEs 3.31 0.00 0.00 0.00 0.00
He4 5.00 1.00 1.00 1.00 1.00
Suo A 7.68 x 10! 1.21 x 103 2.89 x10~* 1.81 x 10 1.49 x10°7
FrifE 2= 2.05 x 10! 2.15 x 10? 7.21 x10°% 3.68 x 10! 8.08 x10° 7
Hi 4 5.00 5.00 2.00 4.00 1.00
fio F¥MH 5.07 0.00 1.36 x10 ! 1.12x107° 0.00
FRifE2E 2.30x107! 0.00 8.57x107°1 4.64 x10°7 0.00
He4 5.00 1.00 3.00 4.00 1.00
SR HES 4.83 1.50 2.67 3.42 1.00
Friedman 5.00 2.00 3.00 4.00 1.00
M % 4 "1, OLOBL-SSA [ IW-SSA F11 OOBL- SRR, I — K 2 75 i i An v
SSA FRILTEPTAT PREL L AR kG B ISR iAo PR3 Uy =fol/fo <107, 170 (13)
{50 SSA Bk, SCUEW] T CHE SEmS A S . { s /el <107°, £, =0

IW-SSA il OOBL-SSA % gk Al b, O0SSA 7E B f; Al
FioZ M 10 A R B IS TR SR X
S fio, 3 VLA 3] T ML et {H. OLOBL-
SSA BFLIFT O0SSA Bk —#f, 7 2K s 4
S e RPN B B T i = I (1075 i < G AN A 1 AP
OOSSA 11y F-HeHG B A T4 fe e v B 24 F OLOBL-
SSA, JUHLAE BREL f,, I, O0SSA B3k T B &M
M. T LR Hr, Wi Rh otk 5 s 2 B4 — 2 &L
S, LRt o s () B A FH 8 0% 30F — 25 4 v Bk
1 F-PetERE. Mo, N3 4 nTLIE 1 4 T OOBL-
SSA ), OLOBL-SSA 7EBR fi Al £, Z AN 10 A>3
HERREL L3835 T B3 M3 X T /0 o, BiFp
FRYRE] T ISR . X R IE SR )24 )
>R LOBL 5 W REA% T A R b 65 Bh 37k Bkt ey
e BEAh, 3R 4 i Friedman HE 4 K 56 45 ]
1, 008SA HE4 45— , OLOBL-SSA HEZ 45—, Ik Ik &
IW-SSA ,OOBL-SSA Fl SSA , 3 — A K iIF T e ik 55
W& R A8 R LA B OOSSA B33 Hh o ok s el it B3 vk L
&I B
3.4 OOSSA H % 3K fif K MUK 18] B B9 7T 47 14
S

SIHHIE OOSSA F4.32: by FH 3K it RLAR A1 £k [7)
R AT AT AT IR 1 12 AN R BT 45
B R pRER A B 10 000 4E, B TA
S I R R LA 2515 30, d5 K R BT Y B
15000, 5 4517 O0SSA BvE %12 A~ K HLA
TR PRH 30 YRAh ST S 3R AT B B AL L e 2 M Y
ERIBRIEZE LS SR . BLAh, 16 5250 25 3 v in AR fift i
YIRFERR , TV O0SSA B3 4b B AL Ak )

AP A I 1 e B L ORI 25 2R D i 3K
PR PSR LM

5 OOSSA HikKf# 10 000 £ RIK FEH MKW LR
Tab. 5  Experimental results of OOSSA for solving 10 000-

dimensional test functions

- 00SSA
Al fig ez FH{E rfEzE IR/ %

fi 0.0 0.00 0.00 0.00 100
£ 0.00 0.00 0.00 0.00 100
S 0.00 0.00 0.00 0.00 100
fi 0.0 0.00 0.00 0.00 100
S5 4.96x107% 2.49x107* 1.11x107* 9.41 x10°° 20
Jfo 0.00 0.00 0.00 0.00 100
S 2.42x107" 3.5 %107 3.01x107' 4.83 x1072 0
fs 0.0 0.00 0.00 0.00 100
S 8.88x107'% 8.88x107'° 8.88x10°'* 0.00 100
Sio 0.00 0.00 0.00 0.00 100

Su 2.65x107™ 1.33x107 2.93x10°7 5.81 x10°7 100
S 0.00 0.00 0.00 0.00 100

H1 5 FTLAE ML BR T f5 5 o i, OOSSA Bk
A A 8 AN bR A YRR SR B S A, B
FRYEFRUEZZRENS B Y, O0SSA TE 4535 5 3K ks B 11
(] EF L2 AR LR SR A A M 5 X T R %S s s
£, ,O0SSA Hi A BEH B LS fc f e, (HAS 3R 45 T
SNBSS H . X 7853 Ui B O0SSA i 78 b 2
KIRAEAE A [] RE ) LA R () e . e SR T
KI5, O0SSA TEBR £ Al £, Z AN 10 4~k e 54 I
BIgis %] 100% (1) 228, i 58 40 Ui ] O0SSA 53



- 130 - MR

i

T ik Kk 2%
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&

Hz H 54 &

BRUEA RO T 3R i R A IR)
3.5 5HMBEEEEE XN

J T 2 IE O0SSA vk Aa b B
9 P f B O RE AR BB UL AL B VE R AT L, B AT 4
SRR Bk (MPA, 2020) S 4 4 1k 2%
(EO, 2020 ) | 3 F 36 $ % 57 09 K R AL 1L 2%
(SOGWO,2020) ™7 | ke i 1 AR A AL 2% (IGWO,
2021) Y BBk (ArOA,2021) 2] 3 >k
AL (AOA ,2020) T JET 2R 12 A5 4L

i KA KA AE (DMMFO,2021 ) M R [ 38 i
R (9 K b KA (WEMFO,2021) ) 8§ J 1)
5 B R ARAR AL % (OGWO0,2021 ) 17, A 4 15 B
2% Uiy 12 NI BRI A7 07 20 S, 4 PR B
BEVEE R D = 100, B8 BT A 50 0 (0 Fh BE LR 14 Hy
30, fe K PR BT B 15 000, X b 430 11 H:
S0 5 FOCH R — B, %6 4T 10
Bt 12 AR B 30 Yl ST SE I AR - 31
FIARIEDE , IF R Friedman 436 %) 52 2 7 HE4

F6 OOSSA 5ZFAENSEZEI 12 MUK REHHERILR
Tab.6 Comparison of OOSSA and nine cutting-edge algorithms for 12 test functions

PREL G4 R SOGWO MPA EO ArOA IGWO WEMFO  DMMFO  OGWO 00SSA

Si FHE 3.15x1072 3.02x107° 5.19x107% 2,16 x1072 1.34x1077 2.40x10""% 1.27 x10"2 3.22x10* 4.16x10°" 0.00
FRfEZE 3.80x107% 4.9 %107 1.19x10™® 7.90x10™* 4.67x1077 1.98 x10™"? 5.61 x10™2 6.47x10° 4.72x107" 0.00
Hes 8.00 5.00 3.00 9.00 2.00 7.00 4.00 10.00 6.00 1.00

£ FHE S 4.55x107% 2.31x107" 2,21 x1077 2.45x107% 1.58 x10 7% 1.54 x107% 4.57 x10™™ 2.23x10*>  3.86x107'° 0.00
FifE2E 1.69x107% 2,60 x107" 2.49x107"7 9.23x10°% 7.83x10™% 5.48x10™° 8.47x10™™ 5.02x10" 3.07x10°'° 0.00
Hes4 9.00 6.00 4.00 2.00 3.00 8.00 5.00 10.00 7.00 1.00

S FE 1.94x10°  1.33x100 1.36x10"  3.81x10°  6.38x107% 5.21x10° 5.08x10°* 2.29x10° 9.37x10° 0.00
PRfEZE 1.63x10°  4.51x10'  5.50x10"  2.09x10* 3.49x107% 2.16 x10* 2.77x1077 3.23x10* 1.32x10° 0.00
Hes4 7.00 4.00 5.00 8.00 2.00 9.00 3.00 10.00 6.00 1.00

fo E¥E 108 1.96x1077 2.40x107% 9.31x10~" 1.02x10°* 3.97 3.97x1071 8.89 x10'  1.91 0.00
FRfEZE 9.33x107" 6.75x107% 5.30x107% 1.29x107% 5.24x10°%® 2.35 8.01 x10°1° 2.50 1.85 0.00
Hes 7.00 4.00 5.00 6.00 2.00 9.00 3.00 10.00 8.00 1.00

S5 FEIME S 7.30x107° 2.00x107* 2.70x107F 6.98x107° 8.70x10™* 1.26x1072 1.40x10~* 9.84x10" 2.20x107° 6.36 x10~°
P2z 2.80x107° 8.69x10™* 1.40x107% 4.71x107° 7.44x107* 4.00x107* 7.65x107* 3.03x10' 1.90x10* 3.03x10~°
Hes 8.00 5.00 7.00 2.00 3.00 9.00 4.00 10.00 6.00 1.00

Jo F¥IME 1.58x107% 2.18x1075 4.55x107% 1.23x107 ™ 1.72x10""" 1.77x10°% 9.07 x107" 3.23 x10®  3.22x10~"" 0.00
PrfE2s 1.26x107% 2.82x107" 7.05x10°% 6.71 x107'®9.37x10™"" 1.03x107% 4.18x10™"® 7.45x10" 3.71 x10~"" 0.00
He 8.00 6.00 4.00 2.00 3.00 9.00 5.00 10.00 7.00 1.00

S FIME 2971077 4.58x107% 3.99x1072 9.01 x107" 1.11 2.45x107" 4.07x10°" 9.55x107 2.59x107" 1.78 x10"!
FRfE2E 8.41x1072 1.05x107% 1.08x107% 2.48x107% 5.69x1072 7.94x1072 4.34x107> 4.08x10’ 4.89x107? 3.86x1072
Hes 6.00 2.00 1.00 8.00 9.00 4.00 7.00 10.00 5.00 3.00

Js F¥E 1.02x10"  0.00 0.00 0.00 0.00 1.41x10*>  5.07x10> 8.43x10>° 8.73x10~" 0.00
FRifE2E  7.45 0.00 0.00 0.00 0.00 5.68x10"  3.71x10>  7.17x10' 2.0l 0.00
Hes4 7.00 1.00 1.00 1.00 1.00 8.00 9.00 10.00 6.00 1.00

So F¥ME 1.43x1077 4.80x107" 3.53x107 2.24x107* 1 x10' 1.78 x1077 1.36 1.97x10"  5.28x10™° 8.88x107'¢
bR 4.93x107% 2.56x107" 5.73x1075 1.20x107* 2.34x107° 7.04x107* 5.06 1.19x107" 2.65x107° 0.00
Hes 5.00 3.00 2.00 7.00 9.00 6.00 8.00 10.00 7.00 1.00

So FHE 1.11x1072 0.00 0.00 6.26 x10*  0.00 0.00 1.30x107* 3.27x10>  3.30x107* 0.00
PR 1.62x1072 0.00 0.00 1.81 x10*>  0.00 0.00 4.20x107% 7.98x10"  1.01 x1072 0.00
Hes 8.00 1.00 1.00 10.00 1.00 1.00 6.00 9.00 7.00 1.00

Su FHE 2.98x1078 2.62x1077 1.68x107% 1.36 x10°  8.77x10°™ 1.70x10™" 1.96 x10™* 5.22x10*> 1.06x10~" 5.00 x10~*
FrfE2s 2.04x107° 2.67x107° 2.14x10°% 9.59x10"  3.71x107 1.74x107"% 7.3 x10"* 7.66x10'  1.35x10°" 2.70 x10~"®
He 7.00 5.00 3.00 10.00 2.00 8.00 4.00 9.00 6.00 1.00

So FHE 1.05x1072 4.22x1077 1.35x107° 1.50x107° 1.72x107% 1.07x1072 1.16x107% 8.44 9.30x107> 0.00
FrfiZE 2.40x1073 3.25x1077 6.43x107° 3.30x107* 5.99x107% 2.50x107> 1.09x107* 3.61 x10~" 5.08 x10~> 0.00
Hes 8.00 5.00 3.00 7.00 2.00 9.00 4.00 10.00 6.00 1.00
E¥HEE  7.33 3.9 3.25 6.00 3.25 7.25 5.17 9.83 6.42 1.25
Friedman ~ 9.00 4.00 3.00 6.00 3.00 8.00 5.00 10.00 7.00 1.00
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Fig.2 Convergence curves of different SSA variants for four representative test functions
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Fig.3 Convergence curves of different cutting-edge algorithms for four representative test functions
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Tab.7 Comparison of optimization results of different algorithms for press vessel design
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Tab.8 Comparison of path lengths and average search time of six algorithms in different environments
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Fig.4 Comparison of paths planned by different algorithms
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