S A ki o B =

CAAI TRANSACTIONS ONJINTELUIGENT] S"ﬁSTEM.

4

BEsRAREHERNSESS Hisii

WG, TuENE), EEX

SIHAL

. S, K. T A SRR TSR SRS 2 EARDLILL. RS, 2021, 16(d): 774-784.

HU Jie, FAN Qinqin, WANG Zhihuan. Multimodal multi-objective optimization combining zoning and local search[J]. CAAT
Transactions on Intelligent Systems, 2021, 16(4): 774-784.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202010026

L] RERGBR A HAN SO
i 7 B &S 2R A 0 22 FAR BT AL SRS

Multi—objective location optimization algorithm in response to dynamic constraints

BHER G AR, 2020, 15(5): 925-933  hitps:/dx.doi.org/10.11992/tis.201906041
A SRR oT S v i

Overview of the cuckoo search algorithm and its applications

BHE RS FAR. 2020, 15(3): 435-444  hitps://dx.doi.org/10.11992/tis.201811005
FET HbRZS (B 5 R 228 S0 2 Bk TR

Decomposition and continuous mutation—based multi-objective particle swarm optimization

BHERG R, 2019, 14(3): 464-470  hitps://dx.doi.org/10.11992/tis.201711015
— TSR ik AR ST 2% () L) TR B R PR 25 43 R

Hybrid algorithm based on harmony search and differential evolution for solving multi-modal complex problems

BIRERGE . 2018, 13(2): 281-289  https:/dx.doi.org/10.11992/tis.201612030
BERGE T B —Fh 2 HARILAI %

Multi—objective optimization algorithm based on membrane system

BB RS 244]. 2017, 12(5): 678-683  https://dx.doi.org/10.11992/tis.201706013
ZRHIERC2E R BRI 2 H ARk

Research on multi—feature based multi—target recognition algorithm for optical remote sensing image

FHRER S 2# . 2016, 11(5): 655-662  https://dx.doi.org/10.11992/tis.201511011



http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202010026
https://dx.doi.org/10.11992/tis.201906041
https://dx.doi.org/10.11992/tis.201811005
https://dx.doi.org/10.11992/tis.201711015
https://dx.doi.org/10.11992/tis.201612030
https://dx.doi.org/10.11992/tis.201706013
https://dx.doi.org/10.11992/tis.201511011

5516 B 4 W B OoRE R & % it Vol.16 No.4
2021 47 H CAAI Transactions on Intelligent Systems Jul. 2021

DOI: 10.11992/4is.202010026
[ £& H AR B 3E : https:/kns.cnki.net/kems/detail/23.1538.TP.20210407.1558.007.html

MESXNEHERNSRES HirEWL

AELEHHY, T AR
(1. EBEBEERFE AT TS, LiH201306;2. LERBRTF ALEHESZLAEXETRELLLT, LiE
200240 )

W E: M2 2 B AR T R R 1 A R T AR SN R RS 2 (), 3T A X AR
K, R ) — Rl G 43 X AR I R 2835 £ Bkl 7 #5895 (multimodal multi-objective particle swarm
optimization combing zoning search and local search, ZLS-SMPSO-MM),, 7E fir #& 51k f, 45448 R 25 (] 9k 4 E) il &
A28 (8] DLAERR R 2 RE P BRI RAERE; AR5, (A B AN 2 A L Bk F A REG D T2 [
RGN i A2 I8 B BAE B, IR R 48 2R B8 0 B i D Dy 22 6 B 1 Ry B I A 0 ) X R A 4
R, Wit 14 NZEEZ B R, IF 5 2 5 Fh A2 BE AT L SEER 45 R R B ZLS-SMPSO-
MM TE 5 %5 0] e $0 21 TE 22 (9 S0 ik, HRR IR BRS04 T BT LU BB

KW ZHEZ Hintifl; 0 IR Rfl i 2R Uy 2556 1 338 NSRS FhfE 2 REE s S0l ZHEE 2 Bin
LA (RS

FESFES: TP301.6 XHEIRED:A XEHES:1673-4785(2021)04-0774-11

| AR S THEH TER BESRTENERNSESS BIRMAWK D). BEERSKFIR, 2021, 16(4): 774-784.
5| A3 : HU Jie, FAN Qinqin, WANG Zhihuan. Multimodal multi-objective optimization combining zoning and local
search[J]. CAAI transactions on intelligent systems, 2021, 16(4): 774-784.

Multimodal multi-objective optimization combining
zoning and local search

HU Jie', FAN Qinqgin"?, WANG Zhihuan'

(1. Logistics Research Center, Shanghai Maritime University, Shanghai 201306, China; 2. Key Laboratory of System Control and In-
formation Processing, Ministry of Education of China, Shanghai JiaoTong University, Shanghai 200240, China)

Abstract: To maintain population diversity and find a sufficient number of equivalent solutions in multimodal multi-ob-
jective optimization, a multimodal multi-objective particle swarm optimization algorithm with zoning and local searches
(ZLS-SMPSO-MM) is proposed in this study. In the proposed algorithm, which is based on zoning search and local
search, the entire search space is divided into several subspaces to maintain population diversity and reduce search diffi-
culty. Subsequently, an existing self-organizing multimodal multi-objective particle swarm algorithm is used to search
equivalent solutions and mine neighborhood information in each subspace, and the covariance matrix adaptation al-
gorithm, which has a better local search ability, is utilized for a refined search in promising regions. Lastly, the perform-
ance of ZLS-SMPSO-MM is tested on 14 multimodal multi-objective optimization problems and compared with that of
other five state-of-the-art algorithms. Experimental results show that the proposed algorithm can find more equivalent
solutions in the decision space and its overall performance is better than that of the compared algorithms.

Keywords: multimodal multi-objective optimization; zoning search; local search; covariance matrix adaptation evolu-

tionary strategy; population diversity; equivalent solutions; multimodal multi-objective particle swarm optimization
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Table 2 PSP average and standard deviation values obtained by different algorithms

MHAEEL  ZLS-SMPSO-MM  DN-NSGA-II Omni-optimizer MO-Ring-SCD-PSO SMPSO-MM ZS-MO-Ring-SCD-PSO

1.126 4x10° 42091x10'  4.8032x10' 6.712 4x10' 8.636 7x10' 9.215 8x10'
MMEF, (6.52) (4.12)+ (4.94)+ (3.45)+ 4.27)+ (5.40)+
1.904 3x10° 6.9429x10'  7.061 5x10' 1.083 5x10° 1.520 1x10° 1.348 7x10°
MME; (1.45x10") (2.30<10"+  (3.63x10')+ (1.12x10")+ (1.05x10")+ (1.61x10")+
1.848 2x10° 7.4018x10'  7.6312x10' 1.360 4x10° 1.863 8x10° 1.308 1x10°
MMEF; (2.18x10" (3.53x10' )+  (1.89x10' )+ (1.97%10')+ (1.80x10")= (1.64x10")+
2.456 6x10° 43684x10'  3.738 0x10' 1.158 0x10° 1.373 9x10° 1.930 6x10°
MMEF, (1.11) (8.32)+ (7.87)+ (4.06)+ (5.93)+ (5.81)+
4.975 5x10' 1449 5x10'  1.494 8x10' 3.353 7x10' 4.029 710" 4.3840x10'
MMEFs (2.61) (1.64)+ (131)+ (1.10)+ (1.51)+ (2.42)+
6.346 0x10' 1.7753x10'  1.7389x10' 3.658 3x10' 4.189 2x10' 5.5919x10'
MMFq (2.82) (1.57)+ (1.32)+ (1.62)+ (1.11)+ (2.24)+
2.212 3x10° 9387 1x10'  9.921 3x10' 1.104 3x10° 1.442 5x10° 1.797 3x10°
MME (1.10) (1.34x10")+  (1.69x10")+ (2.24)+ (5.30)+ (7.96)+
9.219 8x10' 1705 7x10"  1.626 7x10' 4.6517x10' 6.319 0x10' 6.482 2x10'
MMFs (9.26) (6.22)+ (5.81)+ (2.09)+ (2.46)+ (2.60)+
4.6080x10'  4.4185x10 ' 6.3622x10 ' 2.158 3x10' 3.150 9x10' 2.096 9x10'
SYM- (6.61) (1.98x10 )+  (8.98x10 ')+ (1.08)+ (3.16)+ (1.44)+
4.260 9x10" 41357 1.9233 1.826 2x10' 1.733 4x10' 1.987 8x10'
SYM-I (3.65) (4.95)+ (2.28)+ (1.27)+ (9.63x10 )+ (L11)+
4.244 6><101 8.323 5 1.2277 9299 8 1.614 SXIO1 1.084 4X101
SYM-III : R
(8.28) (1.18x10 )+ (2.04)+ (5.04)+ (2.67)+ ((2.13x10 "))+
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MHAEEL  ZLS-SMPSO-MM  DN-NSGA-II Omni-optimizer MO-Ring-SCD-PSO SMPSO-MM ZS-MO-Ring-SCD-PSO
Omnil 1.653 3x10' 1.062 4 9.026 9x10 ' 7.6712 77015 9.082 1
] (1.24) (136x10 "+ (1.33x10 )+ (1.42)+ (1.46)+ (1.09)+
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+—/x 14/0/0 14/0/0 14/0/0 13/0/1 14/0/0
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Table 3 Performance rankins of all compared algorithms
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ZLS-SMPSO-MM 1.4
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SMPSO-MM 2.73333
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Table 4 HYV average and standard deviation values obtained by different algorithms

MERPEE  ZLS-SMPSO-MM  DN-NSGA-II  Omni-optimizer MO-Ring-SCD-PSO  SMPSO-MM  ZS-MO-Ring-SCD-PSO
3.665 2 3.665 1 3.6654 3.6645 3.665 1 3.664 8
MMEF, —4 4, -3 —4 4. —4
(329x107%)  (3.57x10 H=  (1.10x10)- (3.87x10 )+ (3.44x10 )= (5.00x10 )+
VME 3.6589 3.6653 3.6657 3.649 7 3.6572 3.652 8
’ (2.00x10 ) (7.09x10 )y~ (8.01x10 )— (6.31x10 )+ (2.58x10 ")+ (5.20x10 ")+
VME 3.6579 3.663 4 3.6657 3.6530 3.659 1 3.649 7
’ (2.24x107) (9.03x10 )~ (3.58-05)— (6.48x10 )+ (2.39x10 )~ (6.67x10 ")+
VME 33308 33319 33323 33304 33313 33309
! (1.30x10°) (244310 = (2.93x107)- (8.13x10 Y= (9.04x10 H= (9.14x10 )=
VME 3.6653 3.6652 3.6657 3.664 6 3.665 1 3.665 0
’ (4.36x10 Q4210 = (2.37x10°)- (4.77x10 )+ (3.64x10 H= (5.17x10 )=
TME 3.6654 3.6652 3.6657 3.664 7 3.6650 3.6650
‘ (3.76x10 %) (2.88x10 )= (2.64x10 - (3.64x10 )+ (4.03x10 )+ (3.90x10 )+
MME 3.6659 3.664 1 3.665 4 3.664 9 3.6654 3.6655
! (2.68x107 (6.57x10 )9+ (5.96x10 )+ (1.41%10 )+ (1.97x10 )+ (3.66x10 )+
MME 32135 32122 3.213 6 32106 32124 32119
’ (3.51x10 % (9.03x10 H+  (3.14x10 7= (1.41%10 )+ (8.45%10 )+ (1.18x10 )+
St 1.326 9 13222 13227 12984 1.309 4 12990
@2.50x107)  (3.12x10 H+  (3.51x10 H+ 1.74x10 "+ (1.60x10 )+ (1.93x10 )+
AL 13253 13187 13207 12910 1.286 8 1.2959
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13216 13192 13209 12875 1278 3 12888
SYM-III . ] o 3 5 3
(5.10x10°7% (377310 )+ (3.13x10 )+ (2.70x10 )+ (3.89x10 )+ (2.63x10 )+
6.209 9x10" 6.2057x10'  6.2059x10' 6.197 0x10' 6.197 7x10' 6.198 4x10'
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(7.60x107) (5.03x10 H+  (2.31x10 H+ (1.34x10 )+ (1.18x10 )+ (9.82x10 )+
7.727 6x10' 7.7542x10'  7.754 7x10" 7.701 1x10' 7.699 0x10' 7.705 6x10'
Omni-II ) 3 -3 -1 —1 =)
(4.07x10 ) (1.83x10 )= (7.17x10 )- (8.13x10 ")+ (1.01x10 )+ (5.68x10 )+
9.359 1x10" 9.4590x10"  9.460 0x10' 9.285 8x10" 9.262 6x10" 9.280 1x10"
Omni-III 1 3 -3 -1 -1 -1
(1.92x10 ) (7.15x10 )= (4.16x10")- (2.74x10 ")+ (2.30x10 )+ (2.12x10 )+
/= 6/5/3 5/8/1 13/1/0 10/1/3 12/0/2
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Table S Performance rankins of all compared algorithms

on HV
RN HEP

Omni-optimizer 1.6

ZLS-SMPSO-MM 2.6
DN-NSGA-II 2.66667
SMPSO-MM 4.06667
ZS-MO-Ring-SCD-PSO 426667

MO-Ring-PSO-SCD 5.8
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Table 6 PSP average and standard deviation values ob-
tained by SMPSO-MM and its variant algorithms

WL PR%L ZLS-SMPSO-MM ZS-SMPSO-MM SMPSO-MM

1.126 4x10° 1214 1x10'  8.636 7x10'
MMF,
(6.52) (4.90)- (4.27)+
1.904 3x10 1.6992x10°  1.520 1x10°
MMF, 1 1 |
(1.45x10") (1.63x10")y+  (1.05x10'}+
1.848 2x10° 1774 4x10°  1.863 8x10
MMF, | | i
(2.18x10") (142310  (1.80x10")=
2.456 6x10° 2.5395x10°  1.373 9x10°
MMF, 1
(1.11) (1.01x10")- (5.93)+
4.975 5x10' 4.962 510" 4.029 7x10'
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(2.61) (2.14)= (1.51)+
6.346 0x10" 7.297 7x10"  4.189 2x10"
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(2.82) (2.82)- (111)+
2212 3%10° 2.5292x10°  1.442 5x10°
MMF, .
(1.10) (1.10x10")- (5.30)+
9.219 8x10" 7.5982x10'  6.319 0x10'
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(9.26) (4.39)+ (2.46)+
4.608 0x10" 2208 0x10"  3.150 9x10"
SYM-I
(6.61) (1.66)+ (3.16)+
4.260 9x10' 1.689 5x10"  1.733 4x10'
SYM-II i
(3.65) (1.78)+ (9.63x10 ")+
4.244 6x10' 2.0026x10"  1.614 5x10"
SYM-III
(8.28) (1.67)+ Q2.67)+
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