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A modified salp swarm algorithm based on refracted opposition-based
learning mechanism and adaptive control factor

FAN Qian, CHEN Zhenjian, XIA Zhanghua

(College of Civil Engineering, Fuzhou University, Fuzhou 350116, China)

Abstract; To solve the problems that the basic salp swarm algorithm (SSA) converges slowly and is easy to fall into
the local optimum, a new modified SSA based on refracted opposition-based learning (ROBL) and adaptive control
factor (RCSSA) was proposed. First, the ROBL mechanism was used to calculate the refracted opposite solution of
individual solution, which greatly improved the convergence accuracy and speed of the algorithm. Then, the
adaptive control factor of the leader in SSA was introduced into the position update of the follower, which could
effectively control the entire search process and increase the local exploitation ability. To verify the optimization
performance of the proposed algorithm, seven unimodal, 16 multimodal benchmark functions, and one engineering
design problem were utilized to investigate the algorithm. In the experiment, two SSAs improved by single strategy
were introduced to verify the proposed algorithm, and five state-of-the-art intelligent optimization algorithms such as
whale optimization algorithm were added to further verify the superiority of the algorithm. Research results show that
the addition of ROBL mechanism and adaptive control factor could effectively enhance the exploitation and
exploration abilities of the basic SSA for both low-dimensional and high-dimensional benchmark optimization
problems, and the optimization performance of RCSSA was better than most other intelligent algorithms.

Keywords: salp swarm algorithm; refracted opposition-based learning; adaptive control factor; intelligent

optimization algorithm; benchmark functions

UEAEAE, PEAR TR BB E AN [7) 14 2 A 0 T A 4 52
BRI 1Y SCTE , H 3200 o = AN
b LR AL A 2 o T AR A I L e A Ak i
R rf A A B I 8] P9 A2 2% B 20 50T 4R 2

WA EHA: 2019 -09 -23

EETH: FRAREAIL S (41404008 ) 5 46 44 3¢ 8 12 H B 350
H(202103) ; E T R BHE I H (XJK2020 -1 -7) ;
AN R 2 5% T AU AR 1R A5 T O 5L 42 (2020T037 )

EER: T (1981—) 55 14, Al Hd=

BEE1EE . JUT,fanqian@ fzu. edu. cn

95 5 ) S SR DA A, DT L i ) 2 A 2557 -0 SR
se—NE RST8] BE TR HLEOR I E ) K
Je R 2 R Be AL AL S AR AR AR . BT,
WL TR RE S 22 A AL B BT RS
B SRR ORI ik
Bkl A R AL G A A Bk, X s Rk L
SR B R TR A ML R
E &N T 25T T

I B 48 7 (Salp Swarm Algorithm, SSA) J&



- 184 - woR OE Tk ok % % K

552 4%

Mirjalili 5575 2017 4F42 ) —Fh 7 2 A REAA R REAL
B ST T R A VR L Y v B
A8 KR ], 5 ET R kKA B R,
SSA FEVEREMS AT RS DU A IR R A4 ) 4 A O HLBE
WL 4 SRR A, TRIEE DR SSA B8kl 7 I 2 45 427
BHIAG IR ST | 0« i 22 58 A7 Y A Lk Il R
M) R L P B S BRI AR B i
B i b 4TI O T a2 B R SSA Ak fE,
AT )2 X AT T T SOk [ 12 1K 1R e ke
S5 SSA BkAS A, SCR[ 13 152 1 k| SSA &
VL OCHRE 14 Rk TREFEVE 5 SSA BRI TR G
S XSRS E R A TR SSA Y
PERE.
MR« T % 28 48" ( No-Free-Lunch, NFL) &
B, AT —FhFLA RS 8 T T A0 4 Ak el
PG, o 1 TR SERR I PR ARG S A RO S5 2R B oA
S T AR A R G A [ R ARk B9 A 2
A Y. BT XI5 SSA B4 vk A7 78 Y Wie S50 i
18 255 B N S i B LA AN JE , A SRt — ol B Y
O SSA BE IR AR Z O B T B w5 )
325 042 1 D 5 B B B A B 5 ( Modlified SSA
Based on Refracted Oppositional Learning and Adaptive
Control Factor, RCSSA). 1z ¥ ook fift i # v
AT 1127 > HLa] , DA g B3 125 WAL SIGEE J3E ARG
BT AR A BB A T R EE A A
A A 1, R — AP O R R R PR ARl 2
AN [) o S 700 4 0 ) 6 v D00 3K B 000k RCSSA Bk
(P RESEA T TEARIN I, W] i 55 A SR A7 X6 HE A
AT o LASGE BT SR B SR W 18 T A 1 A 281
LR O B
SSA LI R BOR A TR B AT T Y
Ui Sl A0 6 B AT A ARV B T S WA R Y 9 K OR A
s A BEslh, IF LK b g rR A o B, I 1 fr
N AETL RS R R AP v P IR AR i T
TR AR BE . MG (5 n] 20 S PR . — 3
Gy R LTS EE R , R STIR R B AL
B Ty — AR R RS B BE R B B IR AR
SHEZJE, mE 2 s, 51 HUEW IR iR, A
Wi BB B I B
Fi+c¢,((ub, =1b,)c, +1b;) ,c; =0.5;
]j_{Fj—cl((ubj—lbj)cz+lbj),c3<0.5. (0
AP oy  FORMERAS WS 4 12— A 0 1
B RN, ub A b 53 5 A0 R 2 (6] 5
HER AT B, ey R ey S PN AH L0 57 5 i A
(0,1 1395 A i BEHLEL, ¢, S8k P A i IR 7

HAEM 2 R = T 0, Kl 3 frs, Hob &
AW

cl=26_(47t)2. (2)
Ao FoR YT EAREL, TR WA i i ik
AU

1 #EEEME
Fig.1 Individual salp

2 EIBHEERERITA
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Tab.2 Comparison of optimization results of 30-dimensional benchmark functions
PREL  JEHR SSA RSSA CSSA PSO GWO MVO WOA SCA RCSSA
F TEME 1.65x1077  4.49x107 1.71x10727  1.61x107* 2.46x1077  1.22 7.27 %1077 1.55 x10" 0.00
FrfE2E 1.77x1077  5.01 x10~  0.00 3.20x107%  6.44x1077  3.33x107! 2.34x107™  4.17 x10' 0.00
v SEYME 2.36 9.79x10°™ 1.97x107'®  8.09 8.84x10°17  6.73 497107  2.56x1072  1.98x10°1®
T bafEE L8 8.40x10™" 1.87x107"° 8.00 5.42x1077  1.95x10'  2.71x107®  4.28x10"%  0.00
v, THME 1.34x10°  1.81x107™ 2.86x10726 9.27x10'  9.13x107°  2.19x10>  4.52 x10* 8.92 x 10° 0.00
TobRiEZE 8.33x107  8.06x107 0.00 3.39 x 10! 1.99x107°  7.98x10"  1.41x10* 5.74 x10° 0.00
v, fﬂ]{ﬁ 1.18x10"  6.62x10°™ 1.29x107' 1.06 9.43x1077  1.89 5.27 x 10" 3.59 x 10" 1.27 x10~13
PR 3.18 2.26x1077  3.28x107"M 234 %107 1.15x107°  6.35x107!  2.48 x10! 1.39 x10! 0.00
F, T 2.67x10°  2.86 x10! 2.86 x10! 1.09 x10*>  2.70 x10! 2.37x10>°  2.82x10! 7.50 x 10* 2.85 x10!
TobpfEE 4.90x10° 2.15x107% 3.8 %1072 1.06x10>  7.68x10°'  2.66x10> 5.14x10"! 2.35 x10° 3.47 x1072
P SEEIE 1.31x1077 5.72x1077 4.74x1077 1.44x107* 6.96x107! 1.28 4.50 x107! 6.32 x 10! 1.88 x1077
O bR 1.25x1077 2.08x10°° 6.98x1077  L.69x107* 3.70x107"  3.15x107' 2.36x10"! 1.62 x10? 2.75 %1077
P SEHE 1.66x107" 6.57x107°  9.67x107°  3.97 1L.92x107%  3.53x1072 6.20x1073  1.48x10"'  5.89x10°°
Tk 6.9x1072 6.10x107°  7.60x107°  6.04 8.32x107* 1.32x1072 6.83x107*  2.37x107"  4.61 x10~°
e FEIE -7.43x10°  -7.27x10°  -7.48x10°  -4.41 x10° -6.02x10° -7.54x10° -1.01x10* -3.80x10° -7.88x10°
b obRlEZ 4.84x10°  5.89x10° 8.52 x10° 1L12x10°  7.74 x10? 6.28 x10>  1.69 x10° 3.4 x10? 1.45 x10°
A, FHHME 5.50x100  0.00 0.00 L05x10>  1.76 1.13x10>  0.00 3.82 x 10 0.00
bR 2.38x10'  0.00 0.00 3.19x100  2.98 2.80x10"  0.00 3.75 x 10! 0.00
Fu SEHE 2.89 8.88x1071 8.8 x1071° 2.36x107' 1.01x10"® 1.78 4.09%x10°5  1.58 x10' 8.88 x10 71
bRz 1.90 0.00 0.00 5.17x107"  1.65x10™%  6.14x107! 2.70x10°5  7.78 0.00
P SEHHME 1,58 107> 0.00 0.00 9.96x107 2.70x107°  8.57x107" 4.80x107*  9.26x10°"  0.00
" bR 9.08x107° 0.00 0.00 9.49x107%  7.45x107°  9.30x1072 2.63x1072  3.54x107"  0.00
F SEYHE 6.56 1.51x1072  3.2x1072 1.04x1072 4.71x107%  2.56 2.41 x1072 1.33 x10* 1.92x1072
FrfEs  3.76 3.11x1072 3.45x107%  3.16x107* 2.34x1072 177 2.09x1072  4.57x10* 3.40 x10 72
F SEHME 173 %100 2.22 2.58 5.55x107  7.08x107"  2.21x107" 5.68x10°"  5.15x10* 2.48
T bafEZE 1.58 x 10! 1.25 1.00 5.61x107 2.19x107! 1.53x107" 3.23x10~! 1.92 x10° 1.11
#3100 HEEAN K R FME R
Tab.3  Comparison of optimization results of 100-dimensional benchmark functions
PREL J8HE SSA RSSA CSSA PSO GWO MVO WOA SCA RCSSA
FHE 1.31x10° 1,58 %107 5.83x107%7  2.35x10'  1.60x10°2  1.69x10*>  1.43x10°7  1.07 x10* 0.00
DobEfEZ 3.24x102 1.32x107 0.00 7.24 1.15x1072  2.64x10"  4.67x10"%  7.58x10° 0.00
5, THEHE  4.71x100  3.40x10°7  6.57x107'%  1.23x10° 4.68x107%  2.74x10® 2.93x107"  5.71 6.57 x10"'™
w2 8.01 1.65x10°™ 3.62x107"  2.92x10" 1.96x107* 1.39 x10*  1.20x107%  3.70 0.00
r, S 4.59x10° 176107 3.00x10725 .76 x10*  5.90 x10° 6.70x10*  1.14 x10° 2.34 x10° 0.00
T obRiEZE 2.14 %10 8.48x107% 0.00 4.24 x10°  7.79 x 107 8.86 x10°  3.09 x10° 5.95 x 10* 0.00
- TEE 2.75x100 6.79x10°™  1.31x107'%  1.22x10'  6.89 x10"! 5.68 x10'  7.38 x10' 8.93 x 10! 1.31 x10°1%
YohfEz 3.82 9.52x107 1.03x10°""  1.46 5.90 x10 ! 6.73 2.38 x10' 2.49 0.00
- SEHE S 1.58x10°  9.82x10! 9.82 x 10! 1.83 x10*  9.78 x10" 1.45x10*  9.81 x10' 1.10 x10° 9.82 x 10!
*kRfEZ 8.50x10°  3.86x1072  3.51x107 8.05x10°  6.85x10"! 1.25x10*  2.40x107'  4.79 x107 3.96 x10 72
P EEIE 1.33x10°  3.24 3.33 1.95x10"  1.02 x10' 1.65x10>  4.68 1.14 x10* 3.20
O bRl 3.44x100 6.69x107'  5.72x107! 4.55 9.06 x10 ! 2.77x10"  1.06 9.22 x10° 6.43x107!
- SERHE 2.70 6.87x1075  1.02x107* 3.12x10°  7.87x107*  6.78x107' 3.85x1073 1.23 x10? 7.12x107°
T kRl 6.37x107! 5.78x1075  7.79 x10° 1.18 x10>  2.39x10°3 1.54x107" 3.77x107*  6.85x10' 7.08 x107°
P SR -2.14 x10* -2.07 x10*  -2.21 x10* -1.11x10° -1.61 x10*  -2.30x10* -3.46 x10*  -7.05x10°  -2.36x10*
bobREZ 2.03x10° 1.93 x10° 2.23x10° 3.46 x10°  2.82 x10° 1.51 x10°  6.05 x 10° 5.02 x10? 4.02 x10°
P SEIE 2.46 x107  0.00 0.00 7.56 x10>  9.94 7.07 x10*>  3.79x1075  2.45 x10? 0.00
° kR 4.11x100 0.00 0.00 7.89x10'  7.75 8.61 x10'  2.08x107%  1.10x10? 0.00
v SEEE 9.87 8.88x107'® 8.88x107'¢  3.58 1.11x10°7  8.61 4.80x1075 1,92 x10' 8.88 x10 71
O bR 109 0.00 0.00 3.03x107" 4.09x10°%  6.49 2.85x10°5  3.83 0.00
S 1.24x100  0.00 0.00 4.18x107" 3.68x107%  2.49 2.34x1072  8.08 x 10" 0.00
Fn bRz 3.83 0.00 0.00 7.60x107%2 9.65x107*  2.86x107" 8.94x107*  5.94 x10! 0.00
r, SFME 3.57x10'  9.24x107*  1.67x107! 4.62 3.15x107! 2.00x10'  4.25x1072  3.10x10° 1.63 x107!
bR 1.30x100 2.62x107%  3.57x1072 1.44 7.65x107>  7.78 1.59x1072  1.79x10} 4.53x1072
r, SESME 111 x10t 9.91 9.91 5.82x10'0  6.82 1.78 x10>  2.81 4.94 x10° 9.91
TORMEZE 1.78x10* 3.37x107° 4.57x107° 1.66x10"  3.15x10"! 2.80x10"  9.85x107! 2.34 x 10 4.07 x10 3
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Tab.4 Comparison of optimization results of fixed-dimensional benchmark functions
VG2 SSA RSSA CSSA PSO GWO MVO WOA SCA RCSSA
Y FIME 1.39 1.73 1.59 3.10 4.69 9.98x10°!  2.54 1.66 1.53
b2z 8.85x107' 9.37x107"  1.09 2.40 4.27 2.61x10°1  2.51 9.51x107"  9.64x10"!
P S 3.53x107 4.16x107 5.32x107% 5.87x107°  8.38x107* 6.15x107°  7.64x107* 1.02x107°  2.05x1073
bR 6.72x107%  1.22x107%  8.47x107%  8.25x1073  9.95x107% 8.72x107°  535x107* 3.90x10™*  4.99x1073
F TR -1.03 -1.03 -1.03 -1.03 -1.03 -1.03 -1.03 -1.03 -1.03
bR 3.83x107™  2.21x107™ 6.60x107" 6.52x107" 2.52x10°* 5.48x1077 L11x107° 559x10°  7.92x10°"
. SEHE 3.98 %1070 3.98x107" 3.98x107"  3.98x107"  3.98x107' 3.98x10°'  3.98x107" 4.00x10""  3.98x10!
FrfE2s  7.36x10°M 9.11x107  1.32x10°%  0.00 3.45x107° 8.49x1077  6.34x107°* 1.94x10° 1.53x107"
Fy SERE 3.00 3.00 3.00 3.00 3.00 3.00 3.00 3.00 3.00
bR 2.37x1078 2.21x1078  6.38x107®  1.55x107% 4.02x107° 3.22x10°®  1.03x107* 1.07x107*  7.97x10°"
Fy TR -3.86 -3.86 -3.86 -3.86 -3.86 -3.86 -3.85 -3.86 -3.86
befEE 8.3 x107"  4.47x107" 9.10x1072 2.68x107® 1.79x107* 4.17x10°®  9.11x10™* 2.41x107*  1.38x10~"
F, SERE -3.22 -3.23 -3.20 -3.17 -3.26 -3.27 -3.20 -2.89 -3.23
b2z 5.37x107% 6.51x107%  3.48x107> 3.33x107'  7.19x107? 6.14x107*  1.17x107" 4.13x107"  6.23x107>
P, FHfE -8.31 -7.22 -5.56 -6.86 -8.80 -7.47 -8.27 -2.76 -1.02 x10*
bR 2.93 3.30 1.56 3.05 2.28 3.23 2.73 2.07 3.70 x10 1!
r, FHIE  -8.55 -7.61 -5.80 -9.36 -1.01 x10' -8.25 -7.72 -3.95 -1.04 x10'
FrfE%  3.16 3.54 1.84 2.41 1.42 3.18 3.41 2.29 5.31x1071
F SERH -8.45 -7.53 -5.85 -9.38 -1.01 x10' -9.65 -7.11 -3.67 -1.05 x10'
FrifEzE  3.31 3.59 1.87 2.37 1.75 2.35 3.37 1.63 5.17x10™1
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Fig.5 Convergence curves of different algorithms
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Fig.6 Pressure vessel design problem
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Tab.5 Comparison of optimization results of different algorithms for pressure vessel design
RV TG RERE T ARARREIR KEEL W R A
RCSSA 0.780 607 0.385 856 40.445 859 98 198.252 980 5 889.593 30
SSA 0.790 678 0.390 834 40.967 738 75 195.918 220 6 012. 188 50
GWOo's! 0.812 500 0.434 500 42.098 181 00 176.758 730 6 051.563 90
WOA'®] 0.812 500 0.437 500 42.098 269 90 176.639 000 6 059.741 00
Mvol2! 0.812 500 0.437 500 42.090 738 20 176.738 690 6 060. 806 60
ScA! 0.812 500 0.433 750 42.048 610 00 177.707 800 6 076.365 10
HHO?! 0.817 584 0.407 293 42.091 745 76 176.719 640 6 000. 462 59
MFO!?4 0.812 500 0.437 500 42.098 445 00 176.636 596 6 059.714 30
csst>! 0.812 500 0.437 500 42.103 624 00 176.572 656 6 059.088 80
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