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Abstract: Objective Although multi-objective particle swarm optimization is easy to implement and has a fast
convergence speed, it still needs to be further improved in the aspect of balancing convergence and diversity.
Methods To solve the above problem, a multi-objective particle swarm optimization with elite competition and
comprehensive control (ECMOPSO)was proposed. On one hand, the algorithm selected the elite particle set with global
detriment, and then the pairwise competitions were introduced into the multi-objective particle swarm optimization. The
winner particles were selected through elite competition, and the winner particles were fused with the global leaders to

form more comprehensive social information, so as to enhance the information interaction between particles in the

Wk H91:2022-12-27 g0l H1:2023-03-02  SCEE4RS :1672-058X(2024) 02-0074~12
He I H « SO A BEAC N T BEEL AT 50903 ([ 2022]059) 5 B H 7 42 U7 B A A A 1K1 (2022001) .
TEB T HR € (1999—) , Zr, SN 8 N BT A, MR AL e R RE R IL T 5.
WIRPES XIRTR (1978—) , 5 IZRIR YT A, 8%, L5 A= i, AL AL B8 S RERIAWTSE. Email: yanmin7813@ 163. com.
5DTRS A BRE XTI X 46 RS se e RIZR SR 2 HARRL FRESTIEE ()] IR TR R 3 ( A AR #IR) ,2024,41(2) -
74—85.
CHEN Fei, LIU Yanmin, LIU Jun, et al. Multi-objective particle swarm optimization with elite competition and comprehensive

control[J]. Journal of Chongqing Technology and Business University (Natural Science Edition), 2024, 41(2): 74—385.



St

2 B EFRERSMELEF NS BN THAE S 75

population, better guide the flight of particles in the population, and improve the global exploration ability of the
algorithm. On the other hand, global detriment and shifted-based density estimation were combined to maintain the
external archive, so as to improve the quality of non-dominated solutions in the external archive and balance the
convergence and diversity of the algorithm. Results The ECMOPSO algorithm, four multi-objective particle swarm
optimization algorithms, and four multi-objective evolutionary algorithms were simulated for ZDT and UF series benchmark
problems, and the Wilcoxon rank sum test and the Friedman rank test were used to compare the overall performance of
ECMOPSO algorithm with the selected comparison algorithms. The experimental results showed that compared with other
comparison algorithms, the convergence ability, solution distribution, and stability of the ECMOPSO algorithm have been
improved to some extent. Conclusion ECMOPSO algorithm can balance convergence and diversity well, improve its
overall performance, and can effectively solve most multi-objective optimization problems.

Keywords: multi-objective particle swarm optimization; elite competition; comprehensive control; global detriment;
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I3 7] R Ry, SMPSO dMOPSO MPSOD NMPSO NSGAIII MOEADD SPEAR DGEA ECMOPSO

Mean 9.3128¢—2 5.702 le-2 1.053 9e—1 2.932 0e—2 1.007 5e—1 1.207 le-1 1.704 le—1 1.117 le+O 2.880 7e-3

ZDT1 Std (8.76e-2) (1.72e-2) (4.48e-2) (1.09e-2) (1.58¢e-2) (1.84e-2) (2.27e-2) (2.91e-1) (1.31e-4)
Wilcoxon - - - - - - - -

Mean 5.352 3e-2 4.380 9e-2 1.700 7e—1 1.936 6e-2 2.018 4e—1 1.533 8e—1 3.751 7e—1 8.798 2e—1 3.442 8e-3

ZDT2 Std (1.07e-1) (1.26e-2) (1.02e—-1) (6.6le-3) (3.66e-2) (2.65¢-2) (1.38e—1) (3.45¢e—-1) (1.24e-3)
Wilcoxon - - - - - - - -

Mean 1.828 6e—1 3.503 5e-2 1.8725 e—1 8.7429e-2 8.796 7Te-2 1.824 Te—1 1.565 4de—1 9.667 7Te—1 3.461 8e-3

7DT3 Std (9.84e-2) (6.31e-3) (4.18e-2) (2.79e-2) (1.49e-2) (1.50e-2) (2.0le-2) (2.18e-1) (3.00e—4)
Wilcoxon - - - - - - - -

Mean 1.052 Se+1 5.485 3e+0 3.609 3e+1 1.718 le+1 2.502 8e+0 9.414 2e—1 2.025 0e+0 6.476 4e+0 1.477 8e+0

7ZDT4 Std (5.31e+0) (6.11e+0) (6.75e+0) (1.02e+1) (9.78e—1) (3.49e-1) (6.56e—1) (3.85e+0) (1.53e+0)
Wilcoxon - - - - - =~ - -

Mean 1.917 2e-3 5.954 3e-3 2.756 3e-2 2.313 5e-3 1.446 5e+0 5.829 9e—1 1.050 9e+0 2.284 4e—2 2.384 2¢-3

7ZDT6 Std (5.28e—5) (7.44e-3) (2.87e-2) (2.03e-4) (2.84e-1) (1.72e—1) (2.05e-1) (1.09e-1) (8.60e-5)
Wilcoxon + - - + - - - -

Mean 3.814 4e—1 6.568 5e—1 2.871 le-1 1.330 8e—1 1.3504e—1 1.551 8e—1 1.3884e—1 6.094 le—1 1.245 Oe—-1

UF1 Std (9.05e-2) (9.66e-2) (5.02e-2) (2.6le-2) (3.8le-2) (3.36e-2) (2.47e-2) (1.43e-1) (8.69e-3)
Wilcoxon - - - = =~ - - -

Mean 1.018 4e—1 9.576 5e—2 1.129 5e—1 8.302 7e-2 8.161 2e-2 7.534 8e—2 7.5129e-2 1.801 7e—1 7.428 5¢-2

UF2 Std (8.97e-3) (6.88¢e-3) (L.0le-2) (7.26e-3) (5.33e-3) (6.19e-3) (1.06e-2) (2.18e-2) (4.41e-3)
Wilcoxon - - - - - =~ =~ -

Mean 4.458 6e—1 3.300 9e—1 5.004 7Te—1 3.577 de—1 4.795 8e—1 4.676 6e—1 4.329 le—1 5.671 3e—1 2.744 6e—1

UF3 Std (5.40e-2) (6.15e-3) (1.80e-2) (6.03e-2) (1.08e-2) (1.32e-2) (1.47e-2) (3.36e-2) (1.74e-2)
Wilcoxon - - - - - - - -

Mean 1.1129e—1 1.3722e—-1 9.905 4e-2 6.289 6e—2 9.585 7e—2 9.099 8e—2 8.495 7e—2 1.202 9e—1 1.361 3e—1

UF4 Std (8.05e-3) (4.87e-3) (4.98¢-3) (6.16e-3) (2.50e-3) (4.09e-3) (2.04e-3) (1.22e-2) (1.50e-2)
Wilcoxon + =~ + + + + + +
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iR (33)

MK = Riep SMPSO dMOPSO MPSOD NMPSO NSGAIIl  MOEADD SPEAR DGEA ECMOPSO

Mean 2.829 8e+0 3.194 9e+0 2.756 2e+0 1.686 8e+0 1.615 le+0 1.434 7e+0 1.107 1le+0 3.061 8e+0 1.424 9e+0

UF5 Std (5.59-1) (2.75e-1) (2.66e—1) (4.03e-1) (3.91e-1) (2.43e-1) (1.88e-1) (7.08e—1) (3.08e-1)
Wilcoxon - - - - ~ ~ + _

Mean 1.250 9e+0 2.344 9e+0 1.390 4e+0 6.933 8e—1 6.963 S5e—1 8.156 le-1 6.614 8e—1 2.488 7e+0 5.772 6e-1

UF6 Std (4.17e-1) (5.44e-1) (3.30e-1) (1.22e-1) (1.32e-1) (1.2le=1) (9.4le-2) (5.78e~1) (5.24e-2)
Wilcoxon - - - - - - - -

Mean 3.508 8e—1 3.839 6e—1 2.513 3e—1 1.8663e—1 2.038 3e-1 1.910 Oe—1 1.728 Se—1 7.014 9e—1 9.410 7e-2

UF7 Std (1.33e—1) (7.93e-2) (6.38¢-2) (1.74e—-1) (6.16e-2) (7.47e-2) (4.94e-2) (9.26e-2) (1.11le-2)
Wilcoxon - - - - - - - -

Mean 3.873 2e—1 3.414 9e-1 5.472 8e—1 4.775 8e—1 3.459 5e-1 3.318 Se—1 3.229 3e-1 7.279 Te—1 2.765 4e-1

UF8 Std (5.15e-2) (3.37e-2) (3.0le-2) (1.0le=1) (3.79e-2) (2.17e-2) (1.95¢-2) (1.26e—1) (3.88e-2)
Wilcoxon - - - - - - - -

Mean 5.525 le=1 5.796 Se-1 6.601 2e—1 4.604 8e—1 5.153 le=1 5.290 6e—1 4.637 8e—-1 7.515 Te—1 1.473 5e-1

UF9 Std (3.74e-2) (3.88e-2) (3.8le-2) (5.27e-2) (4.58e-2) (6.04e-2) (4.87e-2) (1.39e-1) (1.99e-2)
Wilcoxon - - - - - - - -

Mean 2.649 4e+0 1.320 4e+0 4.211 9e+0 1.435 7e+0 2.393 0e+0 3.443 0e+0 1.784 8e+0 4.738 9e+0 1.270 3e+0

UF10 Std (4.07e=1) (2.12e+0) (4.16e-1) (3.60e-1) (4.77e-1) (5.3le=1) (3.09e-1) (7.65e—1) (6.00e-1)
Wilcoxon - ~ - =~ - - - -

+/ = 2/13/0 0/13/2 1/14/0 21172 /122 1/11/3 2/12/1 1/14/0 —
Best/All /15 0/15 0/15 /15 0/15 /15 /15 0/15 11/15
# 4 ECMOPSO 5 8 I 3tLb B L7E 15 MK [ LM R, B
Table 4 Ry, values of ECMOPSO and eight comparison algorithms on fifteen test problems

PR Pl Ry SMPSO dMOPSO MPSOD NMPSO NSGAIIl  MOEADD SPEAR DGEA ECMOPSO

Mean 6.051 7e—=1 6.527 2e—1 5.720 0e—=1 6.896 9e—1 5.893 8e—1 5.595 Se—1 4.986 8e—1 1.614 9e-2 7.213 6e-1

ZDT1 Std (1.05e-1) (1.95e-2) (5.85%-2) (1.28e-2) (1.96e-2) (2.35e-2) (2.42¢-2) (3.7le-2) (1.44e—4)
Wilcoxon - - - - - - - -

Mean 3.932 6e-1 3.783 le=1 2.502 6e—1 4.339 7e—1 2.089 Oe—1 2.470 9e—1 8.947 Te-2 2.957 3e-2 4.453 2e-1

7ZDT2 Std (9.98¢-2) (1.96e-2) (1.02e—1) (9.77e=-3) (2.99e-2) (2.56e-2) (6.11e=2) (9.92e-2) (3.14e-3)
Wilcoxon - - - - - - - -

Mean 5.205 3e=1 5.977 Te~1 4.676 Te—=1 5.722 8e—1 5.433 6e—1 4.728 Te—=1 5.052 Se-1 3.969 8e-2 6. 005 6e—1

7ZDT3 Std (6.83¢-2) (1.79¢-2) (4.14e-2) (9.92e-3) (1.03e-2) (1.73e-2) (3.00e-2) (5.82e-2) (7.13e-4)
Wilcoxon - ~ - - - - - -

Mean 0.000 Oe+0 3.947 5e-2 0.000 0e+0 0.000 Oe+0 4.353 8e—4 3.312 3e-2 0.000 Oe+0 0.000 Oe+0 6.919 6e-2

7ZDT4 Std (0.00e+0) (9.21e-2) (0.00e+0) (0.00e+0) (2.38e-3) (4.47e-2) (0.00e+0) (0.00e+0) (5.93e-2)

Wilcoxon - - - - - - - -

Mean 3.900 3e—1 3.859 9e—1 3.673 2e—1 3.897 5e—1 0.000 0e+0 1.970 8e—2 1.468 7e—3 3.799 Oe—1 3.894 2e-1
ZDT6 Std (5.86e=5) (7.41e-3) (1.97e-2) (1.76e-4) (0.00e+0) (2.13e-2) (8.04e-3) (5.05e-2) (1.62e-4)

Wilcoxon + ~ - + - - - -




%24 B EFRERSMELEF NS BN THAE S 81

SR ()

X, ) A Ryy SMPSO dMOPSO MPSOD NMPSO NSGAIIL MOEADD SPEAR DGEA ECMOPSO

Mean 2.649 le—1 5.508 4e—2 3.381 7Te—1 5.153 7Te—1 5.176 8e—1 4.927 9e—1 5.140 2e—1 1.099 9e—1 5.273 8e—1

UF1 Std (7.17e-2) (5.08e-2) (5.07e-2) (3.63e-2) (4.46e-2) (4.05e-2) (3.05e-2) (8.33e-2) (1.50e-2)
Wilcoxon - - - =~ =~ - =~ -

Mean 6.067 le—1 6.154 5e—1 5.787 8e—1 6.192 3e—1 6.1559e—1 6.209 3e—1 6.247 Te—1 5.024 6e—1 6.344 de—1

UF2 Std (8.62e-3) (6.11e-3) (1.0d4e-2) (8.22e-3) (6.98e-3) (7.56e-3) (9.70e-3) (2.80e-2) (4.21e-3)
Wilcoxon - - - - - - - -

Mean 2.170 6e—1 3.096 3e—1 1.734 6e—1 2.8302e—1 1.8452e—1 1.999 2e—1 2.231 7e—1 1.217 6e—1 3.740 de—1

UF3 Std (5.15e-2) (9.53e-3) (1.59e-2) (5.67e-2) (1.12e-2) (1.15e-2) (8.52e-3) (1.64e-2) (1.88e-2)
Wilcoxon - - - - - - - -

Mean 2.928 8e—1 2.532 7Te—1 3.080 Oe—1 3.604 0e—1 3.126 8e—1 3.188 6e—1 3.252 7e—1 2.811 Oe—1 2.571 5e-1

UF4 Std (9.25¢-3) (4.58¢e-3) (6.00e-3) (8.40e-3) (2.99-3) (4.21e-3) (2.71e-3) (1.43e-2) (1.6le-2)
Wilcoxon + =~ + + + + + +

Mean 0.000 Oe+0 0.000 0e+0 0.000 Oe+0 0.000 0e+0 0.000 Oe+0 0.000 0Oe+0 1.345 3e—5 0.000 O0e+0 0. 000 Oe+0

UF5 Std (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (7.37e=5) (0.00e+0) (0.00e+0)
Wilcoxon ~ ~ =~ ~ ~ ~ ~ ~

Mean 1. 143 2e=3 0.000 Oe+0 0.000 Oe+0 1.837 0Oe—2 1.224 4e—2 2.888 le=3 1.665 9e—2 0.000 Oe+0 1.996 2e-2

UF6 Std (6.26e-3) (0.00e+0) (0.00e+0) (2.67e-2) (1.73e-2) (6.71e-3) (2.03e-2) (0.00e+0) (1.09e-2)
Wilcoxon - - - =~ - - =~ -

Mean 2.078 3e—1 1.726 le—1 2.612 8e—1 3.877 5e—1 3.179 2e—1 3.342 Te—1 3.565 Te—1 2.173 5e-2 4.408 9e—1

UF7 Std (1.03e—-1) (5.62e-2) (6.09e-2) (1.16e-1) (6.35¢-2) (6.65¢-2) (4.50e-2) (2.23e-2) (1.70e-2)
Wilcoxon - - - =~ - - - -

Mean 1.739 0e—1 2.628 2e—1 5.452 3e-2 2.880 le—1 2.307 8e—1 1.565 3e—1 1.821 9e—1 2.481 7e-2 3.470 6e—1

UF8 Std (4.51e-2) (2.32e-2) (1.71e-2) (5.17e-2) (3.8le-2) (3.31e-2) (3.40e-2) (2.82¢-2) (1.05e-2)
Wilcoxon - - - - - - - -

Mean 2.126 9e—1 2.329 4e—1 1.116 Te—1 3.218 9e—1 2.389 2e—1 2.084 de—1 2.750 6e—1 8.241 3e-2 6.099 Se—1

UF9 Std (3.11e-2) (1.76e-2) (2.52e-2) (5.49e-2) (4.10e-2) (4.72e-2) (4.50e-2) (5.59-2) (1.83e-2)
Wilcoxon - - - - - - - -

Mean 0.000 Oe+0 9.113 8e—2 0.000 Oe+0 0.000 0e+0 0.000 Oe+0 0.000 0e+0 0.000 Oe+0 0.000 0e+0 3.079 le-2

UF10 Std (0.00e+0) (2.49e-2) (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (5.35e-2)
Wilcoxon - + - - - - - -

+/ /= 2/12/1 1/10/4 1/13/1 2/9/4 1/12/2 1/13/1 1/11/3 1/13/1 —
Best/All 1715 1/15 /15 1715 /15 /15 1/15 /15 11/15

MFE 3 A1 4 v LIE AR AY ECMOPSO 5. IR IG 45 Rk . ECMOPSO 8.4 5 %t 8.1 SMPSO |
A EREIH BAL T A 8 N M Wilcoxon B2 dMOPSO . MPSOD . NMPSO . NSGAIIl . MOEADD . SPEAR
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F1 DGEA 7£ 15 Ik tb#e 73 il 13 .13 14 11 12 11,
12 14 RIWFRM B EFN TXEHE H0.2.02.23.1,
O RAFE] TAHBIAEE R, ok, ANFE 3 A S AR vT LA
F th . ECMOPSO 7£ 15 A A R4S T 11 A etk
Ry, fH, i 8 3% SMPSO, dMOPSO , MPSOD , NMPSO
NSGAIIl ,MOEADD ,SPEAR 11 DGEA #5715 () f £ R,
EHAEI BN 1.,0,0,1,0,1,1,0, K4 HifER, A
Frf345 R 5 R, M), ECMOPSO i ¥E7E 15 AN 7]
BRSO AR, A S S R AR IE W
ECMOPSO 5332 T 16 19 53 125 e B ATh 98 BAT AR 3 1Y 5
LI

Sk — H B ECMOPSO 5%k 5 i sk X HL 33 vk 11
HRVERE , B K Friedman A6 560135 BT A 50122 14 °F
BIHEf . RS ITLLE 1 CIR & Ry, THIAJE Ry, fH,
FEH Y ECMOPSO 53 e A HE A AR 25—, iX Ui W AE I
HoAl 8 AN AT , ECMOPSO 45 78 13 26 3] 3¢ 7] A5
R R R
%5 ECMOPSO EiMEF G b &% R, B R, EH

Friedman #4616

Table 5 Friedman rank test of R,;;, values and R, values of

ECMOPSO and all comparison algorithms

1 UF9 LAY Pareto S fELE 534, MIEIHR AT LI .
ECMOPSO By 7E e S0PE #1434 1 b 1) 3 B0 AH % T e
A B AR A L, X U B RG2S RN 25 5 1

- Ry Ry
Friedman test Rank Friedman test Rank

SMPSO 5.73 7 5.43 6
dMOPSO 5.40 6 4.77 4
MPSOD 7.00 8 6.70 8
NMPSO 3.40 2 3.10 2
NSGAIIL 4.93 5 5.03 5
MOEADD 4.67 4 5.43 7
SPEAR 3.87 3 4. 67 3
DGEA 8.27 9 7.90 9
ECMOPSO 1.73 1 1.97 1

M Ry Ry Wilcoxon Bk 1A 55 Fl Friedman £k 6
B a5 T LAAS 458 . Ird 1 i) ECMOPSO 33 5 XT Lt
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Fig. 3 Approximation PF of nine algorithms on

ZDT3 test problems
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Fig.4 Approximation PF of nine algorithms on UF9 test problems
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