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Abstract

Due to the particle swarm algorithm has the characteristics of easy understanding and implemen-
tation, it is widely concerned in the field of science and engineering, but its search strategy is rela-
tively simple, making it difficult for the algorithm to obtain the Pareto frontier and easy to fall into
local optimal and infinite iteration. There are still some deficiencies in the aspect of global search
and convergence. Inspired by the P system theory, this paper proposes a multi-objective particle
swarm optimization algorithm based on the membrane system framework to solve the mul-
ti-objective optimization problem. According to the hierarchical structure, objects and rules of P
system, the particle swarm algorithm is used to implement the parallel search strategy in the base
film. The non-dominated sorting and congestion distance mechanism are used in the surface film
to improve the convergence speed of the algorithm, and the evolution rule is used to maintain the
diversity of solution. The simulation experiment uses the KUR, ZDT series and DTLZ series test
functions to test the MPSO algorithm and compare it with other multi-objective optimization algo-
rithms, including MOPSO, dMOPSO, SMPSO, MMOPSO, MOEA/D, SPEA2, PESA2, NSGAII. The expe-
rimental results show that the new algorithm can guarantee the diversity of the solution, is fast
convergence and close to the real Pareto frontier.
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Figure 1. Cell type P system structure
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Figure 2. Algorithm flowchart
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SRR ARE 53 AT 30 (AL Pareto B THS, A IGD (inverted generational distance, %A
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Figure 3. The approximate Pareto frontier distribution point
map under KUR
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Figure 4. The approximate Pareto frontier distribution point
map under ZDT1
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Figure 6. The approximate Pareto frontier distribution point
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Table 1. IGD performance statistics of different algorithms on five test functions

1. FRIBELE 5 MM R £/ IGD M ReSeit

MPSO MOPSO SPEA2 PESA2
FHME TiE PR fE TTE PR fE TTE PR fE TiE
KUR 596E-02  2.25E-01 225E+00  450E+00  5.71E-02  3.46E-02  6.12E-02  2.75E-03
ZDT1 4.84E-02 1.34E-01 563E-02  2.10E+00 1.31E-01 1.03E-01 1.05E-01 1.47E-01
ZDT2 4.96E-01 9.75E+02 6.23E-02  4.10E-01 1.52E-01 5.12E-01 1.41E-01 3.51E-01
ZDT3 596E-02  2.50E-01 3.79E-01 9.50E-02  4.50E+00  3.54E-01 450E+00  2.51E-01
ZDT6 436E-02  2.15E-01 529E-02  6.50E-01 5.68E-02  5.51E-01 541E-02  2.51E-01

Table 2. IGD performance statistics of different algorithms on 7 test functions

2. AEEELE 7 MM R B LAY IGD MAES T

i3t bR % MPSO dMOPSO SMPSO MMOPSO MOEA/D NSGAIL
DTLZI Mean 1.44e—04 5.79¢00 2.08e00 1.66e—03 1.37¢-04 1.85e¢—02
Std. 2.35¢—05 7.67e—01 2.57¢—01 2.78¢—03 3.78e—06 2.67¢—03
Mean 6.23e—04 1.98e—02 1.06—-03 7.22e—04 1.63e—04 4.88¢—02

DTLZ2
Std. 4.56e—06 2.45¢-04 5.42e—04 4.24e-05 5.76e—05 1.35¢—04
Mean 1.43e—03 3.03e+01 3.75e00 5.86e—04 1.78¢—04 4.92¢-02

DTLZ3
Std. 2.98¢-05 4.16e—01 6.29¢—01 2.38¢—06 4.55¢-05 3.27¢—03
Mean 4.41e—04 7.61e—03 3.02e—04 7.33e—04 9.45¢-01 4.83e—02

DTLZ4
Std. 3.56e—04 4.65¢-03 7.24e—04 1.78¢—03 3.02¢-01 3.32¢-05
Mean 3.15e-05 2.58e—03 5.18¢—05 6.54e—05 2.16e—02 2.85e—03

DTLZ5
Std. 7.98¢—06 1.98e—01 3.87¢—05 3.75¢-06 3.45¢—04 1.27¢-03
Mean 2.35¢-06 4.25¢—03 3.17¢—06 3.58¢—06 2.26e—02 2.97¢-03

DTLZ6
Std. 3.24¢—06 3.78¢—04 2.54e—06 3.28¢—06 3.05¢—04 1.05¢-05
Mean 4.23e—04 1.33¢-03 1.76e—03 1.28¢—03 1.03e—01 5.63¢—02

DTLZ7
Std. 1.98e-06 2.45e-04 9.24e—04 2.56e—02 391e-04 1.27¢-02
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