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Decomposition and continuous mutation-based multi-objective
particle swarm optimization
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Abstract: In light of the poor convergence problems and the diversity of current multi-objective optimization al-
gorithms, in this paper, we propose an objective-space decomposition and continuous mutation-based multi-objective
particle-swarm-optimization algorithm. Its innovations are as follows : we use a space decomposition method to distrib-
ute the particle swarm into a predefined sub-region. During this process, we apply a new adaptive value formula to se-
lect and filter the particles in each sub-region and incorporate a fitness formula into the dominance factor. In the global
search process, we apply differential, Gaussian, and Cauchy mutations to continuously mutate the position of the global
guide particle. We compare the performance of this algorithm with those of current multi-objective optimization al-

gorithms, and the results show that the proposed algorithm improves the convergence and diversity of the particles.
Keywords: multi-objective optimization; particle swarm optimization algorithm; decomposition; sub-region; mutation;

differential; Gaussian mutation; Cauchy mutation
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Fig. 1 Direction vector of the particle
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tributions
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Table 1 Comparison of the effect of each algorithm

IGD GD HV
PREL ik

FEIE PR FEIE P22 FEIE PR
MOPSO/DC 0.0000 0.000 0 0.000 1 0.000 0 03324 0.000 0
MOPSO/D 0.004 5 0.000 1 0.001 8 0.000 1 0.659 8 0.000 2
Fl1 MOPSOTL 0.1433 0.1375 0.001 4 0.002 0 0.274 1 0.116 5
MOPSODE 0.1190 0.076 9 0.002 1 0.001 8 0.264 1 0.057 6
NNIA 0.3830 0.0149 0.061 5 0.1347 0.125 1 0.026 5
MOPSO/DC 0.0000 0.000 0 0.000 0 0.000 0 0.665 7 0.000 0
MOPSO/D 0.0059 0.000 4 0.002 2 0.000 2 0.3252 0.000 3
F2 MOPSOTL 03214 0.2977 0.000 4 0.000 6 03743 0.2277
MOPSODE 0.309 2 0.226 2 0.000 7 0.001 2 0.3709 0.170 5

NNIA 0.354 6 0.000 0 0.000 0 0.000 0 0 0
MOPSO/DC 0.000 0 0.000 0 0.000 2 0.000 0 0.784 5 0.000 0
MOPSO/D 0.0053 0.000 2 0.001 5 0.000 2 0.202 7 0.000 4
F3 MOPSOTL 0.422 0 0.329 7 0.000 5 0.000 6 0.468 0 0.2459
MOPSODE 0.369 6 03214 0.0010 0.002 0 0.501 4 0.2329

NNIA 0.3873 0.000 0 0.000 0 0.000 0 0 0
MOPSO/DC 0.000 0 0.000 0 0.000 2 0.000 1 0.596 1 0.014 5
MOPSO/D 0.004 7 0.000 1 0.001 7 0.000 2 0.5131 0.000 6
F4 MOPSOTL 0.327 8 0.2539 0.000 7 0.000 7 0.147 1 0.168 0
MOPSODE 0.224 8 0.190 0 0.002 6 0.003 8 0.3345 0.2176
NNIA 0.356 2 0.003 9 0.007 5 0.001 6 0.018 7 0.008 4
MOPSO/DC 0.000 1 0.000 0 0.000 7 0.000 0 0.809 9 0.001 2
MOPSO/D 0.0410 0.000 6 0.0219 0.000 6 0.764 5 0.003 7
F5 MOPSOTL 0.0389 0.024 9 0.004 3 0.000 8 0.737 4 0.024 7

MOPSODE 0.296 2 0.249 7 0.0050 0.000 9 05725 0.059

NNIA 0.299 4 0.000 0 0.0172 0.000 3 0.494 0 0.000 3
MOPSO/DC 0.000 2 0.000 0 0.000 7 0.000 0 0.459 8 0.001 5
MOPSO/D 0.062 7 0.003 4 0.026 9 0.001 8 0.3912 0.005 7
Fo6 MOPSOTL 0.078 7 0.006 6 0.006 9 0.0013 03346 0.0103
MOPSODE 03222 0.049 5 0.0124 0.003 7 0.216 8 0.0353
NNIA 0.369 4 0.000 1 0.018 7 0.000 4 0.2102 0.000 1

MOPSO/DC &3k {5 HIEan & 3, 45 % BoR Jer e VR AT S5O TN S AR e AT T AR B b A Ak,
A AR W) PF FIESE PF 22 E A Bl 7Ok #4 A) H S PF YRR, Of B B AR 4T
T8 173X B X H S 56 A5 458 . MOPSO/DC Xif BORRE T -



BT, S T HARZS )20 FE S8 53 10 2 H ARk T HE S04

- 469 -

1.0 i

s
0.9 N
0.8 [% H3% PE
0'7 * ={HIl PF
w0
=06+
2
*g 05}
504+
5%
0.3F
0.2+
0.1+
L L L L oay . . . .
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
Function 1 Function 1
(a) PREL F1 (b) PREK F2
1.0¢ 1.0p
09} 09 L5 PF
0.8\ o%’(%\ﬁgl; 0.8}\‘ ) + 247 PF
0.7+ 0.7+
‘g 0.6} %‘ 0.6}
5057 g05¢
2 0.4+ 2 04+
0.3+ 0.3F
02} 0.2+
0.1+ 0.1}
0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
Function 1 Function 1
(c) BR%X F3 (d) 5%k F4
o[ T I
e PR L2
08[ w0
g - s - i g T
£ s S0l
(RSN A | .
204 SRSEEER - Boal
0.2 St s, | -
’ FI S ey 0 02
0 70,5
‘3\)‘\&0‘\
3 MKERBHNHER

Fig.3 Test function’s simulations
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