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Abstract In multi-objective evolutionary algorithms, the majority of researches are Pareto-based.
However, the efficiency of Pareto optimality in objective space will deteriorate when there are
numerous weak dominance relations. Aiming at this problem, this paper presents a framework of grid-
based ranking. By integrating gird strategy, which features both convergence and distribution, with
the particle swarm optimization (PSQO), we propose a novel grid-based ranking multi-objective particle
swarm optimization ( MOPSO). Unlike the strategy of Pareto-based dominance which conducts a
pairwise comparison between individuals, the grid-based ranking mechanism combines the individual
dominance information in the entire solution space, and takes advantage of this information to sort.
As a result, we gain the merits of the relationship between individuals in the population effectively and
efficiently. By incorporating the distance between particles and approximate optimal front, we
reinforce the judgement of the merits of the relationship among particles in the solution space. The
experimental assessment indicates that the proposed method in this paper has relative advantages in
both convergence and distribution. On this basis, we discuss the influence of grid partition on
efficiency in terms of the distribution of ranks over the process of evolutionary, which verifies the

efficiency of the algorithm from the other aspect.

Key words multi-objective optimization; evolutionary algorithm; particle swarm optimization (PSQO) ;

grid; ranking
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Fig. 2 A typical space-shifting in MOP
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Fig. 3 A case of mapping from decision space to grid space
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3£ 1. GrRMOPSO.
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Table 1 Computational Complexity about GrRMOPSO
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Table 3 Benchmark Functions
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Table 4 Non-Inferior Solutions Obtained by Candidates on Bi-Objective Functions
R4 SHWLEZENBRMNLIE EHIESBRE

Instance NSGA- I sMOPSO cdMOPSO D> MOPSO GrRMOPSO
2 2 2 2 2
0 0 0 0 0
=\ 1\ 3t \ 2\ 1\
o 4 o 4 o 4 o 4 o 4
< < < < <
KUR - \ ) \ B \ g \ ) \
-8 -8 -8 -8 -8
-10 \ -10 \ -10 \ -10 \ -10 \
-12 -12 -12 -12 -12
20 -18 -16 -4 20 -18  -16 -4 20 -18 16 -14 20 -18 -16 -4 20 -18  -16 -4
fi 1il fi fi f
1.0 1.0 1.2 1.0 1.0
A
0.8 0.8\ Lo 0.8 0.8
0.8
0.6 L06F N . 0.6 L 0.6
2 < N\, 20.6 2 <
ZDT1 0.4 0.4 L ol 0.4 0.4
. 3
0.2 0.2 *\ e 0.2 0.2
~
0 0.5 1.0 0 0.5 1.0 0 0.5 1.0 0 0.5 1.0 0 0.5 1.0
N fi il S f
1.0 1.0 1.0 1.0 1.2
0.8 0.8 0.8 0.8 Lo
0.8
L 0.6 0.6 0.6 L 0.6 .
< < < < 0.6
ZDT2 0.4 0.4 0.4 0.4
0.4
0.2 0.2 0.2 0.2 0.2
0 0.5 1.0 0 0.5 1.0 0 0.5 1.0 0 0.5 1.0 0 0.5 1.0
S fi N fi f

« Ture Pareto front; * Instance

Table 5 Non-Inferior Solutions Obtained by Candidates on Tri-Objective Functions
x5 SHMMWLEEEI BRI ENELRE

Instance NSGA-1I sMOPSO cdMOPSO D?MOPSO GrRMOPSO

DTLZ1
DTLZ2
1.5 1.5 L5 1.5 1.5
1.0 1.0 1.0 1.0 L Lo
. <2 < < < <
DTLZ5 0.5 0.5 0.5 0.5 0.5
0 0 0 0 0
0.0 0.0 X 0.0
0.5 0.5 00 0.5 0.5 0.5 0.5 0.5 0.5 0.0 0.5 0.5
S 1.0 1 S 1.0 i fa 1.0 i f2 1.0 f f2 1.0 fi

e Ture Pareto front; * Instance
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Fig. 5 IGD metric results on test suites
&5 5 R kAR R IGD $8 5
Table 6 ER Metric Results
x6 SHERXLEM ERIEMR
NSGA- I sMOPSO cdMOPSO D?>MOPSO GrRMOPSO
Instance
Mean Std Mean Std Mean Std Mean Std Mean Std

KUR 1.72E—01 6.77E—02 8.33E—02 2.98E—03 3.42E—02 1.19E—03 8.76E—03 1.07E—04 2,11E—03 1.34E—04
ZDT1 9.70E—02 3.22E—02 5.63E—02 1.27E—03 6.39E—01 2.02E—01 6.11E—02 2.43—E03 7.76E—02 2.76E—02
ZDT2 5.22E—02 3.10E—03 8.94E—02 4.30E—02 3.18E—02 9.10E—03 7.23E—03 2.06E—03 7.12E—03 2.33E—03
DTLZ1 3.27E—01 8.90E—02 3.90E—02 1.45E—02 8.01E—02 3.89E—02 9.45E—02 5.33E—03 1.22E—01 6.39E—03
DTLZ2 9.42E—02 2.27E—02 8.70E—02 4.12E—02 9.02E—02 3.20E—02 3.21E—03 1.22E—03 3.74E—03 1.37E—03
DTLZ5 5.08E—02 2.19E—02 4.53E—02 1.28E—02 5.22E—02 2.32E—02 5.36E—02 3.12E—02 4.29E—02 1.19E—02
Table 7 Spacing Metric Results
Fz7 5WEX LR Spacing iR
NSGA-1I sMOPSO cdMOPSO D?MOPSO GrRMOPSO
nstance Mean Std Mean Std Mean Std Mean Std Mean Std
KUR 8.32E—02 2.19E—02 7.62E—02 1.33E—02 8.67E—02 3.03E—02 7.45E—02 2.55E—02 4.10E—02 8.20E—03
ZDT1 3.88E—02 1.71E—02 2.98E—02 1.03E—02 7.92E—01 5.40E—01 2.49E—02 8.23E—03 3.40E—02 1.09E—02
ZDT2 4.30E—03 8.11E—04 9.10E—03 3.41E—03 2.29E—02 9.54E—03 3.54E—02 8.29E—03 5.01E—03 9.20E—04
DTLZ1 1.98E—01 7.81E—02 2.94E—02 9.28E—03 1.53E—02 7.81E—03 3.09E—02 7.55E—03 2.89E—02 8.73E—03

DTLZ2 1.17E—01 7.78E—02 1.25E—01 8.93E—02 2.09E—01 8.41E—03 4.39E—02 1.28E—02 3.87E—02 9.44E—03

DTLZ5 5.46E—03 9.22E—04

o

L32E—03 7.21E—04 8.97E—03 9.94E—04 5.91E—03 9.17E—04 4.47E—03 8. 42E—04




A ARAE LT RURS HER R 2 H AR T RO AL

1021

A 2 45 KO AT LA . GrRRMOPSO 7 K
AT L A DR AT TR0 A R
3.4 RBHS BT

1 GrRMOPSO 778 — A7 3 1 P P (1
BS54 e e 0K/ BB A A S T

s o EHAL /N TG R — M AS PR F i 2. SR R 42
B’Jiﬁi’%%ﬂéﬁck}iﬁ. 50T A N TR AT el [ DO = 7
AE 1Y) 52 .
£ KUR A ek %5 R IGD #ahﬂi“ﬁ c i
M 5~20 2Z [a] (4 HUE R 38 25 P B8 1 52 i) CHE At 2 2%
PREEAZS) LUK 6 T -

L
0.3r
0.2
0.1F

B o B K A s ) 30 43 3k 20 AN BE A 3 0 A 40l 43 1Y
0.4
8
0.0 L L .
5 6 7 8
Fig. 6
& 6

MEE 6 Hal LU HY 78 RS Sl BN T 9 R B
A %o B 1 R SR 5 W A BN B R A3 B ¢ AR IR
BIEMPERE . A £ B R T R AR TR — A A P
AR SRS bu e il SN AR

95— M » GrRMOPSO 3= %% 2 F] 4 &) [ 4%
HE 7 ok 0 W A~ A 45 8 1 515 589k S0 AN R I
K 43K ¢ 5 MR TR B RS A A 1 T B T
P HEFR . AT R R B ¢ BEER 4 AR [EE 43 B
9 5,10,15,20, R A KUR 18 P oR 250 6 HE 7 T2
AL HL AT R R.

9 10 11 12 13 14 15 16 17 18 19 20
c

IGD values with different numbers of ¢ on KUR
AR A% R 438 ¢ 78 KUR %0 xR 9 IGD fi

J T ARFEXT H G — L uk D BE AL R 2% 1
AR e fEAE G0N, FRATT R R T B AL AR — AP0 R
FhHE DR AE I [ 2 S AST] o (B b B 0 46 A )
FHRE -7 fife 25 0] v B8 o3 A 25 A L HE P (E . 15 2R TR]
EARAH B0 HE 7 5 W T BhHE A 51 15 O, SE 00 25
WK 7 frs.

M7 HRT DU L S RS R S i /I (e =5)
i 25 18] o 23 A7 AE 3 22 AH [a] HE P (BT 52 i HE > A 3%
o NG — T B UE T M A% R B 2 . 55 4 A
=10 5 ¢=20 Z i), c XF HEJF1E 52 M 22 /)N,

20 — 20 —
I = W 150 I < | @ 150
10 + et 10 + P
L :-"f’: 100 @ L * 100
or 50 or 50
-10 - . 0 -10 0
-20 -15 -10 -5 -20 —15 —10 -5
fi fi
(a) c=5(1" generation) (b) c=10(1* generation)
5 5
90 95
of 4 80 or 90
- ~ & | :‘ll 85
5 E 70 < -5
%, = 80
-10 % 60 -10 %, 75
-15 N 2y 15 .. 70
-20 -15 -10 -5 -20 -15 -10 -5

S

S

(e) ¢=5(10" generation) (f) ¢=10(10" generation)
Fig. 7

7

4 HERIE

AR ST A A A R ke 3R 2 ) AT kS L )
JH A% 1 [7] Aok 2 B W S5 5 70 A Ak 1 e o R A

A sketch map on ranking with different ¢ (different colors represent different sort values)

7 T5) P A 3l 23 B ¢ 3o HE P 84 5 W 7 5 P O TR) 806 AR 2 A [m) Y HE 7 ED

20 — 20
I _'j: 150 I 150
10} s 10}
<t 100 & | 100
or 50 or 50
-10 0 -10 - . 0
=20 —15 10 5 =20 -15 -10 -5
fi fi
(c) ¢=15(1% generation) (d) ¢=20(1* generation)
5 5
95 95
0f* 90 U 90
« 5| ™ 8 o 5 85
%, . 80 %, . 80
=10 %, 75 -10 B 75
-15 70 -15 . . 70
220 -15_-10 -5 =20 -15 -10 -5
fi fi
(g) ¢=15(10" generation) (h) ¢=20(10" generation)
A X figf 225 () e EC Al T8 4% 7 F B P O L 5 A A

fifh 25 () HRORE - B9 3 A AR B R AT HE S s $E T
— b 5 T A A 3 T 20 T A BIA (] A
N Z AR B B0 s 7R R AN B i T —Fh T K
S ISRISEARR TS TR S W A RN B TR



1022

HENM R S KB 2017, 54(5)

ATRAAR

1) 3 o 2 Jey A% HE ¥ BE 4% 25 b Mo 45 BIDKE 1 19

£ SR EPSP i AIE] B RF N E5 ¢

2) AR 3 o3 B SR OR AT — € S 1 /N Y

P A 3 2 AN )T ik Y HE 4R A

R 5L T RS HE R HE SR N T IR 4

(2 4.3 4 Al Im) R LA BORE 7~ S 00 UG T 488K
AR T — B W T T RIDRE B HE 2R 9 i 2] iy 2 %
I bs 10 A 1R B2 3 5 4k A8 AL (3] L Pareto $iEJ7 5
AURR. T3 A R T R RS HE R A AL R T AR
75 B RE A B T — A BV T Y TAE.

(1]

(2]

[3]

[4]

(6]

[7]

[8]

(9]

2 % x M

Kennedy J. Eberhart R. Particle swarm optimization [C] //
Proc of IEEE Int Conf on Neural Networks. Piscataway, NJ:
IEEE, 1995.: 1942-1948

Li Jie, Zhang Jungi, Jiang Changjun, et al. Composite
particle swarm optimizer with historical memory for function
optimization [J]. IEEE Trans on Cybernetics. 2015, 45

(10): 2350-2363

Shou Yongyi, Li Ying, Lai Changtao. Hybrid particle swarm
optimization for resource-constrained project
scheduling [J]. Neurocomputing, 2015, 148; 122-128
Chiou Juingshian, Tsai Shunhung., Liu Mingtang. A PSO-
based fuzzy PlD-controllers [J].
Modelling Practice and Theory, 2012, 26. 49-59

preemptive

adaptive Simulation

Zhao Yulei, Guo Baolong, Wu Xianxiang, et al. Image
reconstruction algorithm for ECT based on dual particle
swarm collaborative optimization [J]. Journal of Computer
Research and Development, 2014, 51(9). 2094-2100 (in
Chinese)

GEE S8 Je, RERE. & 5 F B0+ B U 5 06 16 i1
ECT FMGE S]] IHS AP 5 & g, 2014, 51(9):
2094-2100)

Dujardin Y, Vanderpooten D. Boillot F. A multi-objective
interactive system for adaptive traffic control [J]. European
Journal of Operational Research, 2015, 244(2): 601-610
Lee K-B, Kim J-H. Multiobjective particle swarm
optimization with preference-based sort and its application to
path following footstep optimization for humanoid robots
[J]. IEEE Trans on Evolutionary Computation, 2013, 17
(6): 755-766

Coello C A C, Lechuga M S. MOPSO: A proposal for
multiple objective particle swarm optimization [ C] //Proc of
the 2002 Congress on

Piscataway, NJ: IEEE, 2002:. 1051-1056

Evolutionary ~ Computation.
Xie Chengwang, Zou Xiufen, Xia Xuewen, et al. A multi-
objective particle swarm optimization algorithm integrating
multiply strategies [J]. Acta Electronica Sinica, 2015, 43
(8): 1538-1544 (in Chinese)

GHEREE, 48 F57F, H 230, . —MEZREmE 2 3Rk
TR L] 2R, 2015, 43(8): 1638-1544)

[10]

[11]

[12]

[13]

[14]

[16]

(171

[18]

[19]

[20]

[21]

22]

Mao Chengying, Yu Xinxin, Xue Yunzhi. Algorithm design
and empirical analysis for particle swarm optimization-based
test data generation [J]. Journal of Computer Research and
Development, 2014, 51(4): 824-837 (in Chinese)

R, WOHK, Bk, 5 TR RO 1k 0% D0 3 30 AR i
BeHSZake s #e L) ] B LIS 5 4 g 2015, 51(4): 824-
837)

Coello C A C, Lechuga M S, et al.
multiobjective genetic algorithm: NSGA-I [J]. IEEE Trans
on Evolutionary Computation, 2002, 6(2). 182-197

Zitzler E, Laumanns M, Thiele L. SPEA2: Improving the

A fast and elitist

strength Pareto evolutionary algorithm for multiobjective
optimization [C] //Proc of the Evolutionary Methods for
Design., Optimization and Control with Applications to
Industrial Problems. Berlin: Springer, 2001: 95-100

Deb K. algorithms: Problem
difficulties and problems [J].
Evolutionary Computation, 1999, 7(3): 205-230

Thiele L, Deb K, et al

Multi-objective  genetic

construction of test
Laumanns M, Combining

convergence and diversity in evolutionary multiobjective
optimization [J]. Evolutionary Computation, 2002, 10(3):
263-282
Batista L. S, Campelo F, Guimaraes F G, et al. Pareto cone
diversity in
//Proc  of
Evolutionary Multi-Criterion Optimization. Berlin: Springer,
2011: 76-90

Zou Xiufen,

convergence and

algorithms [ C]

e-dominance: Improving

multiobjective evolutionary

Chen Yu, Liu Mingzhou, et al. A new

evolutionary  algorithm  for  solving  many-objective
optimization problems [J]. IEEE Trans on Systems, Man,
and Cybernetics, Part B; Cybernetics, 2008, 38(5): 1402—
1412

Marler R T, Arora ] S. The weighted sum method for multi-
objective optimization: New insights [J].
Multidisciplinary Optimization, 2010, 41(6) . 853-862
Zhang Qingfu, Li Hui. MOEA/D;

evolutionary algorithm based on decomposition [J]. IEEE

Structural and

A multiobjective

Trans on Evolutionary Computation, 2007, 11(6). 712-731
Asafuddoula M, Ray T, Sarker R. A decomposition based
evolutionary algorithm for many objective optimization [J].
IEEE Trans on Evolutionary Computation, 2015, 19 (3).
445-460

Balling R, Wilson S. The maxi-min fitness function for
multi-objective evolutionary computation: Application to city
planning [C] //Proc the 2001 Annual Conf on Genetic and
Evolutionary Computation ( GECCO’2001 ). New York:
ACM. 2001: 1079-1084

Wei Lingyun, Zhao Mei. A niche hybrid genetic algorithm
for global optimization of continuous multimodal functions
[J]. Applied Mathematics and Computation, 2005, 160(3) :
649-661

Pulido G T, Coello C A C. Using clustering techniques to
improve the performance of a multi-objective particle swarm
optimizer [C] //Proc of the 2004 Annual Conf on Genetic and
Evolutionary Computation (GECCO’2004). Berlin: Springer,
2004 225-237



Z NE T MEHET ML HARR TR 1023
[23] Luo Biao, Zheng Jinhua, Xie Jiongliang, et al. Dynamic [37] Zitzler E, Deb K, Thiele L. Comparison of multiobjective
crowding distance? A new diversity maintenance strategy for evolutionary algorithms: Empirical results [J]. Evolutionary
MOEAs [C] //Proc of the 4th Int Conf on Natural Computation, 2000, 8(2): 173-195
Computation. Piscataway, NJ; IEEE, 2008; 580-585 [38] Deb K, Thiele L., Laumanns M, et al. Scalable multi-
[24] Wang Yaonan, Wu Lianghong, Yuan Xiaofang. Multi- objective optimization test problems [C] //Proc of 2002 IEEE
objective self-adaptive differential evolution with elitist Congress on Evolutionary Computation. Piscataway, NJ:
archive and crowding entropy-based diversity measure [J]. IEEE, 2002: 825-830
Soft Computing, 2010, 14(3): 193-209 [39] Zitzler E, Thiele L, Laumanns M, et al. Performance
[25] Leong W F. Yen G G. PSO-based multiobjective assessment of multiobjective optimizers: an analysis and
optimization with dynamic population size and adaptive local review [J]. TEEE Trans on Evolutionary Computation,
archives [J]. IEEE Trans on Systems, Man, and 2003, 7(2). 117-132
Cybernetics, Part B: Cybernetics, 2008, 38(5): 1270-1293 [40] Schott JR. Fault tolerant design using single and multicriteria
[26] Knowles J, Corne D. Properties of an adaptive archiving genetic algorithm optimization [D]. Boston: Department of
algorithm for storing nondominated vectors [J]. IEEE Trans Aeronautics and Astronautics, Massachusetts Institute of
on Evolutionary Computation, 2003, 7(2): 100-116 Technology, 1995
[27] Yang Shengxiang. Li Miging. Liu Xiaohui. et al. A grid- [41] Van Veldhuizen DA. Multiobjective evolutionary algorithms:
. . .. L Classifications, analyses, and new innovations [D]. Ohio:
based evolutionary algorithm for many-objective optimization
[J]. IEEE Trans on Evolutionary Computations 2013, 17 Department of Electric Computer Engineer, Air Force
(5). 721-736 Institute of Technology, 1999
5): -~
[28] Li Bingdong, Li Jinlong, Tang Ke, et al. Many-objective ) )
evolutionary algorithms: A survey [J]. ACM Computing Li Li, born in 1986. PhD candidate of
Surveys (CSUR) , 2015, 48(1); 1-13 Zhejiang  University  of  Technology,
[29] Adra S F, Fleming P J. Diversity management in Hangzhou, Zhejiang, China.  Student
evolutionary many-objective optimization [ J]. IEEE Trans on member of CCF. His main current
Evolutionary Computation, 2011, 15(2): 183-195 research interests include evolutionary
[30] AlvarezBenitez ] E, Everson R M, Fieldsend ] E. A computation, scheduling optimization, and
MOPSO algorithm based exclusively on pareto dominance multi-objective optimization.
concepts [C] [/Proc of Evolutionary Multi-Criterion
Optimization. Berlin: Springer, 2005: 459-473 Wang Wanliang, born in 1957. Professor
[31] Raquel C R, Naval Jr P C. An effective use of crowding and PhD supervisor in Zhejiang University
distance in multiobjective particle swarm optimization [C] // of Technology , Hangzhou, Zhejiang, China.
Proc of the 7th Annual Conf on Genetic and Evolutionary . . X . . .
His main research interests include intelligent
Computation. New York: ACM, 2005. 257-264
computing, scheduling optimization.
[32] Dai Cai, Wang Yuping, Ye Miao. A new multi-objective P & g op
particle ~ swarm  optimization  algorithm  based on
decomposition [ J]. Information Sciences, 2015, 325: 541— Xu Xinli, born in 1977. PhD. Associate
557 professor in  Zhejiang University of
[33] Mostaghim S, Teich J. Strategies for finding good local Technology, Hangzhou, Zhejiang, China.
guides in multi-objective particle swarm optimization Her main research interests include
(MOPSO) [C] //Proc of 2003 IEEE Swarm Intelligence intelligent computing, scheduling optimiza-
Symp. Piscataway, NJ: IEEE. 2003: 26-33 tion, and wireless sensor networks (xxl@
[34] Raquel C R, Naval Jr P C. An effective use of crowding Zjut. edu. cn).
distance in multiobjective particle swarm optimization [C] //
Proc of the 7th Annual Conf on Genetic and Evolutionary Li Weikun. born in 1990. Master candidate
) tation. Y . ACM, 2005. 257-2 .. . .
Computation. New York: AC 0: 2077264 of Zhejiang University of Technology,
[35] Al Moubayed N, Petrovski A, McCall ]J. D*MOPSO: » ..
Hangzhou, Zhejiang, China. Student
MOPSO based on decomposition and dominance with b { CCF i . "
member o . is main researc
archiving using crowding distance in objective and solution
spaces [17. Evolutionary Computations 2014, 22(1); 47-77 interests include evolutionary computation
[36] Kursawe F. A variant of evolution strategies for vector and multi-objective optimization (Iwk_zjut

optimization [M]. Berlin: Springer, 1991: 193-197

(@hotmail. com).



