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Multi-elite Interactive Learning Based Particle S warm Optimization Algorithm with Adaptive
Bound-handling Technique

XU Jie and ZHOU Xinzhi

College of Electronic Information, Sichuan University,Chengdu 610000, China

Abstract Particle swarm optimization(PSO) algorithm relies on the cooperation between particles, which makes it show great in-
telligence in solving many optimization problems. However, due to the optimization mechanism, particles are easy to break
through the boundary restrictions of the feasible region. If this behavior can have a clear guiding significance in the optimization
process,it will help to improve the optimization performance of the algorithm. More importantly.the learning objects of particles
in the original particle swarm optimization algorithm are mainly focused on the global optimal particles. This updating mechanism
undoubtedly accelerates the loss of population diversity.and makes the population tend to fall into the local optimal. In order to
further improve the population diversity and convergence accuracy when solving complex problems,an elite interactive learning
particle swarm optimization algorithm(A-EIPSO) based on adaptive strategy is proposed. Firstly, the algorithm introduces a new
bound-handling technique into the original PSO algorithm,and adaptively endows the distribution characteristics of particles in
the solution space by using the historical location information and the distance of out of bounds particles,so as to modify the posi-
tion of particles to meet the requirements of effectively handling out of violated particles. Then,based on multi-swarm technolo-
gy.an elites learning strategy is designed to promote the exchange of social information among subswarms,and the elite particles
instead of the global optimal particles guide the optimization behavior of particles in each subswarm. Experimental results show
that,in most cases,the adaptive strategy can ensure that particles can achieve uniform exploration in the search space and signifi-
cantly improve the performance of PSO algorithm. In addition, A-EIPSO is compared with five advanced particle swarm optimiza-
tion variant algorithms and two mainstream evolutionary algorithms on the CEC2017 benchmark suite. The results show that A-
EIPSO has superior performance on different types of functions, improves the convergence accuracy of most optimization pro-

blems.and is superior to other representative PSO variant algorithms and evolutionary algorithms.
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Fig.5 Distribution characteristics of evaluated samples with different bound handling technologies
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Table 2 Average values and standard errors of different bound handling strategies on all tested benchmarks(100-D)

Function Criteria init to Pbest Projection Reinit Periodic Mirror Centroid Adaptive
) Mean 1.30x10! 2.86x10! 9. 74 8. 89 2.61 6.17 1.35
A Std 6.61x10"! 1.05 3.14X102 3.31x10! 1.46 2.54X101 3.38x 10!
) Mean 2.70X10? 3.26 X107 2.16 X 10% 1.65X10% 1.5010% 1.27X10% 1.17X10%
f2 Std 3.36 3.96 5.22X107 2.12 2.57 6.18 2.25
] Mean 8. 87 1.10 6.37 5.87 2.31 5.91 1.07
f3 Std 2.64>x10"! 5.11x10! 6.50X 102 7.41x10°1 3.26x10"! 3.31x10! 3.33X107!
) Mean 2.23X10? 8. 22107 1.64X10° 1.23x10% 2.31x10! 1.02X10% 1.29x10!
" Std 8.23 3.25X10! 9.32 9.17 3.26 3. 80 1.03
Mean 7.23X10"2 9.22Xx10°° 3.53X10 2 1.47Xx102 8.89X 102 1.93%10°2 6.43>X10°
15 Std 3.52X103 5.08X10* 2.84X103 3.28X10 3 1.25X10°3 6.89X10 * 1.90x10 4
Mean 5.22x10! 6.59> 10! 2.49x 10! 1.48% 10! 6. 76102 9.98 5.54X1072
16 Std 3.63 1.18% 10! 4.73 2.27 2.59X 10! 1.12 2.84X107°
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Fig. 6 Convergence graphs of six test functions
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Table 3 Parameter settings of PSO variant algorithms and other evolutionary algorithms
Algorithms Year Parameters settings Ref.
ABC 2007 limit= 100, Size of employed-bee=N/2 [21]
SHADE 2013 Pbhest= 0.1,Arc rate=2 [29]
EFDR-PSO 2003 w:0.9~0.4,a=0.000035,6=0.5,c=0,d=1.5 (177
DMS-PSO 2005 w=0.729.¢,= ¢, = 1.49,V .. = 0.5 * Range [18]
HCLPSO 2015 w:0.99~0.29.¢,:2.5~0.5,¢,:0.5~2.5,K:3~1.5,V_ =0.5* Range [19]
PSO-CL 2021 w:0.9~0.d.c; =cy =2.0.4, =4, =094, = 0.5 [20]
HCLDMS-PSO 2020 w:0.99~0. 29wy 4¢7:2.5~0.5,¢,:0.5~2.5,P,n=0.1,V_  =0.5 % Range [30]
A-EIPSO - w©:0,9~0, 4c; =c, =1, 49
4.2.2 HALFEH 907 22 (Std) KRB IR PR BE . A R F k1 DAL F rp i 2R

#E CEC2017 M E 18 T F L A% SOR- 18 &30 Bl 3 oy
[—100,100], firfi PSO 22 f4 5 2 F A SCHR L 9 A-ETPSO Tt
AR ) BRI /N 40, T oAt 2 Fil i £ S5 1% 0 B A R A 1
B9 100, PRECAEECE 9 D =30, W REITAN (0 KB R R
10000 * D, B FEILIBAT 30 W, Il F P 35 5 A A (Mean) A

PRANAT AN 8 4 5, A4~ I 3% R 401 o £ 225 SR 40 FH m KL 8 47 A
10, B K @=0. 05 B Wilcoxon £5 5 BB 1 16 45 5
WA 4 Frgl, LLEAE A-EIPSO J2 75 g % 3243 b X4 L 43 vk
WEEMPERE, B+ ="M =" 5 KR A-EIPSO % 8

CHLRALT AL T A R 2 T X ek

F 4 CEC2017 3 i R £ 19 45 BE Lk 4% (30-D)

Table 4 Comparison of solution accuracy of CEC2017 benchmark functions(30-D)
Function Criteria ABC SHADE FDR-PSO DMS-PSO HCLPSO PSO-CL HCLDMS-PSO  A-EIPSO
Mean 1,29X10%(—) 0.00(—) 3.75X10%(+)  2.40X10%(=) 7.33X10'(—) 1.81X10°(=) 6.78X10°(—) 2.38x10°
f1 Std 7.58% 10" 0.00 1.68%x10° 1.64x10° 1.48%10% 1.50x 102 2.51x10° 1.8%x10°
Rank 3 1 8 7 2 5 4 6
Mean 6.18X10"(—) 1.78x10%(—) 8.48X10°(+) 7.29%X10%(+) 3.14x10°(=) 3.00x10°%(+) 6.55x107(+) 3.01x10°
2 Std 1.36x10* 2.57%10° 3.96x10%° 5.22X107 3.12%x107 8.18x 10" 3.13%x107 5.54 X107
Rank 2 1 8 7 4 6 5 3
Mean 1.33X10°(+) 9.21X10%(+) 1.52X10 °(—) 2.23X10°(+) 1.46X10 3(—) 3.42x10 8(—) 2.83x10'(—) 8.86x10°
13 Std 1.75X10* 1.28x 10! 2.86Xx10 6 2.72%X10° 3.49%x10° 1.80x10 7 4.28 3.42x 10"
Rank 8 7 2 6 3 1 4 5
Mean 3.31X10'(—) 4.14x10"(=) 4.18X10°(+) 6.19X10' (=) 6.84x10'(=) 4.21x10'(—) 5.88Xx10'(+) 6.51x10'
14 Std 8.28 3.07 3.25%10° 5.32%x10! 2.17%x10" 2.80%x10! 1.62x 10" 3.29%x10!
Rank 1 2 8 3 7 4 5 6
Mean 8.61X10'(+) 2.48x10'(—) 5.22X10'(+) 4.64X10'(+) 4.13X10'(+) 4.53X10'(+) 2.75X10'(—) 3.84x 10"
5 Std 2.44%x10" 1.01x10! 1.08x 10! 2.84x 10" 8.28 6.89 3.65 8.31
Rank 8 1 7 6 4 5 2 3
Mean 0.00(—) 1.45X10 (=) 6.59X10 2(—) 8.25%X10 $(—) 3.82X10 ¥ (—) 4.78x10 *(—) 0.00¢—) 6.37
16 Std 0.00 1.13x10 * 1.18x10 ! 2.85%X10 7 1.33x10 1 1.51x10 ° 3.71 1.68
Rank 1 6 5 3 2 4 1 7
Mean 1.14X10%(+) 6.97x10' (=) 1.02X10°(+) 9.25X10'(+) 8.58x10'(+) 7.75x10'(=) 5.76x10'(=) 6.82x10'
11 Std 2.24%x10" 2.84%10" 1.89x 10! 1.89%10" 9.07 1.13x10! 1.12x10! 1.45x10!
Rank 8 3 7 6 5 4 1 2
Mean 8.85X10'(+) 2.75x10'(—) 5.42X10'(+) 4.83X10'(=) 5.02X10'(+) 4.56X10' (=) 2.83X10'(—) 4.63x10"
/8 Std 2.12x10! 8.31 1.04x 10! 6.13 8.73 8.07 1.05x 10! 2.28%x10!
Rank 8 1 7 5 6 3 2 4
Mean  8.21X10%(+) 2.71X10'(+) 1.74X10%(+) 1.20X10 '(—) 1.06x10'(+) 2.82(=) 7.86%x 107 2(—) 3.14
19 Std 8.66x10° 4.21%x10° 1.65x 10! 6.25%x10 ! 8.47 3.92%x10! 3.42X10° % 6.92%x10 !
Rank 8 6 7 2 5 3 1 4
Mean 2.32X10°(+) 1.98X10°(=) 3.07X10°(+) 2.92X10°(+) 2.31X10°(+) 2.74x10%(+) 2.36X10°(+) 1.76%10°
f10 Std 2.71X10° 5.52%10° 7.25%10° 2.81%10° 3.41 X102 2.97X10° 5.41%x10° 3.81%x10°
Rank 7 2 8 6 3 5 4 1
Mean 4.27X10%(+) 8.62x10'(+) 8.74x10'(+) 3.78x10' (=) 6.90x10'(+) 3.83x10'(=) 3.38x10'(=) 3.76x10'
f11 Std 2.66x10° 2.64%10" 3.96% 10" 2.82%10" 2.05 X101 3.57x10! 1.28 X101 1.56x 10"
Rank 8 6 7 3 5 4 1 2
Mean 4.12X10°(+) 4.588x103(—) 2.34X10°(=) 1.65X10°(+) 2.90Xx10*(=) 9.52x10*(+) 6.23x10*(+) 2.83x10*
f12 Std 8.74%x10* 2.38%10° 1.12x10* 1.12X10° 1.36x10* 1.22Xx10* 6.31%x10° 1.77 % 10*
Rank 8 1 2 7 4 6 5 3
Mean 6.69X10°(+) 2.37x102(—) 1.41X10°(+) 1.06X10*(+) 6.23X10°(=) 2.34x10%°(+) 6.68X10°(+) 8.25%10°
f13 Std 2.37%10° 1.88x%10° 1.02x10* 9.26x10° 2.83%10° 7.18%10° 4.52%10° 1.46%10°
Rank 6 1 8 7 2 4 5 3
Mean 6.25X10*(+) 1.24x102(—) 4.48X10°(+) 5.62X10°(+) 5.78X10°(+) 1.13x10*(+) 2.55X10°(+) 8.03x10°
f14 Std 8.45%x10° 4.28%10° 2.87x10° 3.76X10° 3.65%10° 1.52X10° 1.12X10° 2.54%x10°
Rank 8 1 5 5 6 7 3 2
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Function Criteria ABC SHADE FDR-PSO DMS-PSO HCLPSO PSO-CL HCLDMS-PSO  A-EIPSO
Mean 1.08X10°(—) 2.13x10%(—) 5.26X10°(=) 5.33X10°(=) 2.98X10%(—) 1.44X10°(—) 8.47X10°(—) 5.24X10°
f15 Std 9.22x10" 4.53x10! 7.08%10° 4.23%10° 1.14x10% 2.70%X10° 6.34x10° 2.97x10°
Rank 4 1 7 8 2 5 3 6
Mean  6.82X10%(+) 4.47X10°(+) 7.00X10°(+) 4.46X10%(+) 4.81X10%(+) 4.51X10°(+) 3.38X10°(+) 2.46% 10°
f16 Std 3.31%x10° 2.63%10° 2.78%10° 3.29%10° 1.57X10% 1.73%X10° 1.55%10° 1.21%x10°
Rank 7 1 8 3 6 5 2 1
Mean  2,21x10%(+)  1.15X10°(+)  2.19X10°(+)  6.68x10'(—) 1.21X10°(+) 1.12X10%°(+) 7.65x10' (=) 9.68x 10"
f17 Std 6.39x10" 4.52%10" 1.06x10° 3.95%10] 7.65%10" 8.70x 10! 1.38% 10" 2.01%x10"
Rank 3 5 7 1 6 1 2 3
Mean 1.55X10°(+) 2.81x10%(—) 8.18X10'(+) 1.19X10°(+) 6.99x10'(+) 9.39x10"(+) 8.24x10'(+) 3.18%x10"
18 Std 3.96x10" 2.33%10" 4.64x10" 7.15%10" 5.07x10" 2.47x10" 4.25%10" 8.24x10°
Rank 3 1 1 7 3 6 5 2
Mean 1.19X10°(+) 1.28x10%(+) 5.55X10°(+) 3.58X10°(+) 1.36X10°(—) 3.21X10°(=) 2.51X10°(=) 2.33Xx10°
19 Std 3.85x10° 4.29%10" 6.51x10° 2.89%x10° 3.39%10° 3.09% 107 3.82%10° 2.06x10°
Rank 2 1 8 7 3 3 5 1
Mean 2,68 X10%(+) 1.54X10°(+) 2.07X10°(+) 1.38X10%(+) 1.45X10%(+) 1.18X10°(+) 1.58X10%(+) 7.16% 10"
120 Std 4.29%10! 9.36 6.53%10" 5.67%10" 7.56%10" 9.92x10" 1.09%10° 1.32x10!
Rank 3 5 7 3 1 2 6 1
Mean 2.53X10%(+) 2.43X10%(=) 2.58X10°(+) 2.53X10%(+) 2.48X10°(=) 2.44X10°(=) 2.27X10°(=) 2.25%10°
21 Std 3.28%x10" 2.88%10" 1.87%x10! 1.36%10° 2.22%10" 3.00%x10" 2.13% 10" 3.54x10!
Rank 7 3 8 6 5 1 2 1
Mean  4.91X10%(+) 1.88X10%(=) 1.29X10°(+) 1.28X10%(—) 1.06X10°(—) 1.07X10°(—) 1.02%10%(—) 1.86x10°
f22 Std 5.87X 10" 1.44x10! 1.57X10° 7.28%10" 8.95x10" 3.15 6.10%10" 4.22%10"
Rank 7 6 8 1 2 3 1 5
Mean  4.15X10%(=) 4.10X10%(=) 4.41X10°(+) 3.92X10%(—) 4.32X10%(+) 4.02X10°(=) 3.86%X102(—) 4.08x10°
123 Std 5.87X 10" 4.44%10" 1.89x10! 2.33%10] 1.11x10! 1.07%x10! 2.11%x10" 9.35
Rank 7 1 6 2 8 3 1 1
Mean 4,66 X10%(=) 4.45X10°(—) 4.86X10°(+) 4.59X10%(=) 4.43x10%(—) 4.78X10°(+) 4.68X10°(=) 4.65x10°
f24 Std 8. 444101 3.72%10" 1. 48x10° 2.32%10° 7.56%10" 4.57%X10" 5.73%10" 1.33x10!
Rank 5 2 8 3 1 7 6 1
Mean  3.82X10%(=) 3.84X10%(=) 3.91X10°(+) 3.85X10%(=) 3.87x10%(=) 3.84X10°(=) 3.86X10°(+) 3.80Xx 10°
125 Std 2.37%X10° 1.12x10% 8.45%10! 1.67x10" 9.88%x10 ! 1.55 1.29x10! 2.25%10"
Rank 2 3 7 4 6 3 5 1
Mean  3.64X10%(—) 1.33X10°(+) 1.05X10°(+) 1.45X10°(+) 3.52x10%(—) 1.28X10°(+) 1.25X10°(+) 5.69x10°
126 Std 3.11%x10° 2.54%10° 6.37%10° 2.68x10° 2.76%10° 21x10° 1.46x10° 3.85x 107
Rank 2 7 1 8 1 6 5 3
Mean 5,16 X10%(=) 5.12X10°(=) 5.61X10°(+) 5.12X10%(=) 5.15X10%(=) 5.11X10°(=) 5.06X10°(=) 5.08Xx 10°
f27 Std 1.21%x10° 9.84%10" 1.24%x10! 6.94 7.55 4.20 6.83%10" 6.34
Rank 7 5 8 1 6 3 2 1
Mean  4,02X10%(+) 3.51X10%(+) 3.50X10°(+) 3.34X10%(=) 3.49X10%(+) 3.37X10°(+) 3.77X10°(+) 3.17x10?
28 Std 1.34%x10° 8.10% 10" 6.83x10" 2.34%10° 5.31%10" 1.28%10" 1.98x10! 1.23%10!
Rank 8 6 5 2 4 3 7 1
Mean  6.32X10%(+) 5.33X10%(+) 6.14X10°(=) 5.69X10%(=) 4.98X10°(—) 5.55X10°(—) 4.88%X10°(—) 5.95x10°
£29 Std 4.12%x10" 2.68%10" 8.36x10" 3.41%x10° 6.17%10" 8.74%10" 1.68x10! 4.43%10!
Rank 3 3 7 5 2 4 1 6
Mean 5.61X10°(+) 2.31x103(—=) 5.33X10°(+) 4.81X10°(+) 3.64X10°(=)(—) 3.76X10°(=) 4.09X10°(=) 4.03Xx10°
130 Std 1.47x10* 9.81%10° 2.68x10° 2.12x10° 6.85x10° 7.92Xx10° 3.48%10° 2.03X10°
Rank 3 1 7 6 2 3 5 4
Average rank 6.07 3.20 6. 60 4,87 3.97 4.17 3.37 3.27
Final rank 7 1 8 6 4 5 3 2
w/t/1 20/4/6 10/7/13 25/3/2 15/10/5 13/8/9 13/11/6 14/8/8 —
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Table 5 Friedman test results of PSO variants on CEC2017 test suite

ABC SHADE FDR-PSO DMS-PSO  HCLPSO PSO-CLL.  HCLDMS-PSO  A-EIPSO
Friedman rank 5.24 2.31 6.02 4.57 3.52 3.66 2.83 2.68
General rank 7 1 8 4 5 3 2
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Table 6 Statistical results of overall average execution time of algorithms

CHLAY : )
ABC SHADE FDR-PSO DMS-PSO  HCLPSO PSO-CLL. HCLDMS-PSO  A-EIPSO
Total Average 36.83 30. 90 40. 74 38.48 32.90 35.15 26.41 21.89
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