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Improved r-dominance-based particle swarm optimization for
multi-objective optimization

ZHANG En-ze', CHEN Qing-wei
(School of Automation, Nanjing University of Science and Technology, Nanjing Jiangsu 210094, China)

Abstract: Multi-objective optimization problems (MOPs) are complex optimization problems existing in practice, for
which most of the modern research methods are focused on evolutionary algorithms. In this paper, a multi-objective particle
swarm optimization algorithm based on the r-dominance is proposed for investigating the behavior of the particle swarm
optimization (PSO) in MOPs. The combination of the r-dominance with the fast convergence properties of PSO maintains
strong search capabilities of the algorithm when the number of objectives increases. In particular, the value of the non-
r-dominance threshold is varied in an improved way in order to keep desired population diversity. Furthermore, a new
updating strategy of the external repository, which incorporates the crowding distance in the variable space, is presented
to get rid of the local optimum. Effectiveness of the proposed algorithm is validated by several benchmark test functions.
Results indicate that the proposed algorithm outperforms two other existing algorithms in terms of convergence, diversity

and distribution over the reference point.
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Fig. 1 Management of the non-r-dominance threshold
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of the three algorithms for comparison

Tt AT fiti s NIEA Hft
AL B s e
ZDT1: 50 ZDT1: 20 ZDT1: 100

3H#RDTLZ2: 50 3 H#5DTLZ2: 20

3H#rDTLZ2: 100 I HEAE 4 0.6, 2 S R T 42,

-MOPSO - - - .
5H#DTLZ2: 100 5HFRDTLZ2: 30 5 HARDTLZ2: 200 BRZHCN0.5
10 H##DTLZ2: 200 10H#sDTLZ2: 50 10H#ARDTLZ2: 300
ZDT1: 50 ZDT1: 100 AR, —1EHIAE X (simulated binary
3H¥EDTLZ2: 50 3HFFDTLZ2: 100 crossover, SBX) /A RECH 10, =T
r-NSGA-II # - N N
5HFRDTLZ2: 100 5H#RDTLZ2: 200 Polynomial 28 57 [F143 45 R4 420, 28X
10 HA#DTLZ2: 200 10 HFFDTLZ2: 300 ME# 0.9, AL MR N1 /n
iR F40.7298, A2 X #2402,
MDEPSO B o B WG T A R

IR 404, 3 A5 45000.1

4.3.1 PEHEMIEE (Performance metrics)
KT R 3AME AR B LS 3PP e
1) CEE. ¥ CIFEN, LLPPAN S i 85
P, FoE San ke
_ {be Blda € A,a<,bV a = b}|
a B '

C,(A, B)
(14)

Cr(A, B) = 13R85 BRI S R & AT
fiftSCIE; Cr (A, B) = 08RG BB &
AP, Cr(A, B)BOK, Ronti BRI I
FEPEHER; B2 ).

2) SPIEER. FRVEFN R 2 R, SPAE
B, AESCRLAR AT 2 SP = 0o og 44
A ATAE F AR ]

3) S5 R R IR R R R A 4
27 NG T AR SR P A K 4k, 55
Horp R 5 275 KRR G 2, K a5 KA S f)
{HZ ZZRI9) 104~ B Ta); 7353 vH SR P BT g

A DT FRYAR PRI AN 50 oy 0 A PR B AR 6 B 7N X

AL PRI AR AN 0Bk 22, S6f B S P A AR Bk e 2

<y

432 HWE 4SR5 5 H (Comparison results and
analysis)

KIS 65 AR T 3R A3 HFR A0 H
FRDTLZ2I} T 15 i Paretodsc L AT HF, 26213533l
g5 T CL I FERLS PN EE R, 11 7R I8 e s T
PAk3 H b5 110 H ARDTLZ2 1 43 Paretods I i 55
S R B

ATLUE Y, AR T A A 802, --MOPSOYE H
FRANEE D (51 R 2) S (VAL FAAN I 52, (224 B ARA
e 22 (51 41 A 10) I, --MOPSOS A BE AT Bk
P LIAAIR. LL10 H ARDTLZ2 & %k 191, BARS:Hr
I

1) AHX T r-NSGA-THYE, WAL B REIRTT 4%
1T 3L S Paretods U AT (R, (Hr-MOPSOSLIL T3
gb WL SR A2 FE PRI T r-NSGA-TIH % [H]



628 7

5 N H 532 4%

N, S HOM LR, B EUEAH [FI, --MOPSO%.
TR LU IR ) 255 p BT ) R 2R

2) HAFREREA G 2 ), MDEPSOSVL 8
PECLR SR 2 REVESY IE B R B, eah, 6 LG
i, MDEPSOJT 3 fif tH I T AR I 4, 1] R i
JEMDEPSOR AR 5 27 i 1) #E B 4 R R
TIRIE Y BE R AR, DTS T AR TR 2% m i
0] P S AR R T 11 E 7 ] P

3) AT HAR B RN ELIL, -MOPSO 35453 7 4
22 AR AR, B AR SO 3, Wil 7 B
7R, -MOPSO HiE BT 70% HIfRTRAE T B 5% il
BIHT10% K D (A1 . H AR ECh 10 15, 40 8 P,
r-MOPSOJE L 90% ¥ it 4 46 7 25 2 25 55 M B i
10% TG .

4) %Ti&;}iiﬁiiﬁiéﬁé, I3 T BN A
TR I Zl FHE. KT r-MOPSOSE, % {HAE

10909

05
Ko

*x B#5 o r-MOPSO * B

[1.002, 1.008] P, Ut BA I {57311 EL52 [ Pareto
HIHAY; X r-NSGA-TETYE, 1IZ(HAE[1.129, 1.384] 14,
W B G 45 il 45 42 10 L S Pareto BT Y 10 % T
MDEPSO 5 ¥, % {5 1) 22 4k 35 [l 2k [11.6407,
15.8662], WARZETILA BB SR 4> Jsj Pareto e L HIT
WX SE R, — 5 IMDEPSOS LAV AR ] 5%
2 s PR BT R IR R BEOE, MR 252 3¢
BORE TR OR B A T REAR D, — e R L BAAG T 50k
GO, 55— 71, e I aa o Be s | 3
T T A8 2R 25 () () A DS R B AR T AR T 2 4
P, I FEURE AN SR s ;A5 [, --MOPSO
LA RS R A R I8 2R X 3, T 2 1 5 1 4
BB S P HA 5 | B BRI D ) 22 S R, T 4
PR 2R (R, ST R 1 A
A7 ST LU R A R T I R SR D ORI T
R

o r-NSGA-1II

Kl 5 3R EILAL3 HARDTLZ2HifaHi
Fig. 5 Solutions obtained by three algorithms on 3-objective DTLZ2
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Fig. 6 Solutions obtained by three algorithms on 10-objective DTLZ2
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Table 2 C, indicator values of solutions obtained by three algorithms

WX HES  Cr(r-MOPSO, -NSGA-TI)/  C»(--MOPSO, MDEPSO)/
Mt Mt Cr(-NSGA-IL r-MOPSO)  C,(MDEPSO, -MOPSO)

ZDTI 2 0.2813/0.2078 0.2248/0.1874

3 0.2136/0.1127 0.2297/0.1030

DTLZ2 5 0.4512/0.1045 0.7501/0.0065
0.6737/0.0625 1/0
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Table 3 S P-indicator values of solutions obtained by three algorithms

£ 3 3 EERACTRE BEPFTIFAR4Y S P EAR

gg E\;} SP(r-MOPSO) SP(r-NSGA-II) SP(MDEPSO)
7DT1 2 0.0038 0.0107 0.0069
0.0911 0.1985 0.3217
orizs S 0.1033 0.4454 0.7047
10 0.1470 0.2372 1.0023
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Fig. 7 Distribution over the reference point for

three algorithms on tri-objective DTLZ2
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