Pure Mathematics EiR#*#, 2023, 13(5), 1370-1380 Hans Xl
Published Online May 2023 in Hans. https://www.hanspub.org/journal/pm
https://doi.org/10.12677/pm.2023.135140

ETHBINARS iR

TR 3%
ITARTMREHE S Gk %6, TR M

ks H . 20234F4H21H; FABEM: 20234F5H23H; &4 HM: 20234F5430H

B

Pt TP L T F i, TEIHAT 2 B AR RALEIBT T, 28T SE BRI R Hh 2 30 R AL H R LR %A
BEASE. ERTRT, BERRKEEANATAEER SRS BIOIETTR. BAASETTHE
ERAETRERN, HESEMEENTARER, REMUIESRFESUARIETTR. A
BEASCR Y T —ME T HBRNARS B, R\ 2 h MRk BB R = A A AR B —
B IETATRE S| SRR, NRIEFTREEKIMERE, T 24N RARE, X, S3ESE
RAERA T PR BRI Rk

XA
KWL B, #HLEE, EToMBN, BENNE

Decomposition-Based Constrained
Multi-Objective Evolutionary Algorithm

Pengyi Zhang

School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou Guangdong

Received: Apr. 21%, 2023; accepted: May 23", 2023; published: May 30", 2023

Abstract

In the real world, it is necessary to study multi-objective optimization in order to balance mul-
ti-interests. However, most of the practical problems are often challenging with constraints. How
to deal with the infeasible solution in the optimization is the most important problem to be solved
in the research. We think that the infeasible solution is important in optimization, and it contains
the information of population evolution direction, so it is necessary to keep an appropriate pro-
portion of the infeasible solution in optimization. In this paper, a decomposition-based constrained
multi-objective evolutionary algorithm is proposed, which adaptively generates weights according
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to population changes in evolution and preserves some infeasible solutions to guide population
convergence. In order to verify the performance of the proposed algorithm, 24 test problems and
4 comparison algorithms are selected. Numerical experiments show the effectiveness of the pro-
posed algorithm.
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1. 5|15

BEAE R DRI 2 R, BRSRAER 22 1 ) J 5 B 2 A H AR (AT BT By . 90, 78 Tk AT
o, JRATE R T R RAS . R AR E S AR, MM TR, WREPEEFRE. B
BR AR MIAE 22 A TESE 2 AN T HR] 26 o ZERXFE LT, ARG 5 H AR A T AT A e ki R BRAT T 75 3K
N FRPGXAN R, R EAT AR A 2 BT, FER IR T & R SERR el i . SR, 7R SEPR
W, 2 B AR 52 31 % 20 SR 2RI R 1

fEdLJLHHE, BHREMNRE THEZARMNAKRZ HisfiHi%[1]. K Deb.#&H T CDP
(Constrained Dominance Principle) 2 # AL BRI AR[2], PRI ] 5 A U AR BRI, oI 4 3d G Bl i) 72
LR AL B AR, Peng [3]5F NAG LI H0E AR EAEA— A8 H AR, Bt T — M T-A mBGE R CHT
SRR A CMOP, AR A 43 5l 43 A0 76 AT AT FH 0] 47 DX sl A F 9 b 28 284 () A Sk 5 | 398 2% 31 A B2 1) IX 3k
Tian %5 N[4142 1 7 —FhRf#E CMOP 3L [E HELHELE(CCMO), Horh—ANRhEEHT SR iR IR 461 CMOP, Bl
22 CPF (constrained Pareto front), 1 75 —MFf i 28 29 9K 538 UPF (unconstrained Pareto front). th4F,
XA EERAH B P BIR f# CMOP, Fan [5]5% A3 H 7 PPS (Push and pull search)fE42 . 7E push B BL H br
e o FREE I A AT IXEEIL UPF. £ pull BY B, SR SGHER ¢ 290007 3ok 1E S A S CPF. LT
PPS HEZE, ¥5 CMOP F3fify—2H I A1l f,  BFNF- 1) RO B — ARl F64% PPS HEZE R A T84
TRRHE DU AR G 1) 7 i

SR E T 20 SRS AF IAFAE , SR ARME P AR T o2 LA o) R TR 3 I . BRAF 200K 2 H Aridk A 5032,
REZEXFE— R R IVELT, $hZ —FhE BRI 2R 2 B et B, 12 H H s 55 i e i 1] 3.

2. TR
2.1. ARZEIRRIER

AR EE, Hom DEAREREL n ERFEAE DU T AR R AR Z B AR R R, A
RRIRUT

min f (x)=(f,(x), f,(x), -+ £, (x))"
9;(x)<0, j=12,-,p @)
st. 1h;(x)=0, j=p,p+L-.q
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ot x= (%, %, %, ) € R"Jy n e AAr &, P B x O HUE Y i
S={x]g;(x)<0,h;(x)=0,j=12,q} @)
[Lb,Ub]={x=(x1,x2,-~-,xn)T|Iksxksuk,k=1,2,---,n} (3)
R RE, FROAREA .
G4k, 9, (X)<0EXT p MAERLAFM, h)(x)=0EXT q-p MERLA KM Mk
FARE X, HXFE j NLIHR KA 2 IS ) FE B (constraint violation degree) & SN :
max (0,g; (X)), j=12,.p

vi(= max(0,|hj(x)—5|), j=p+Lp+2,--,q @

FLrk 8 N AN IR IS, S AN AR () 24 S SRR RN, T A £ 2 5 R R
Sy
q
CV (x)=2.CV,(x) )
j=1

SR — NSRS B CV 2 0, IS4 T DA BLAR A T AT AR 1R 2 SRR T A7
BAVIATIATHR X Al 0o FHE— i € 1,2, m} #4 £,(x) < £, (%) AFEEES A ke L2, m}
f(04) < fo (%) o TUFR xo 32 dge HISR— M X B IR AE STARSC L, IR AR I BE(LH Pareto 4R

fift, FTH Pareto fAR A I8 & #k PS (Pareto optimal solutions), % % H #5375 [A] A Pareto His PF (Pareto
front).

2.2. MOEA/D-M2M B 3:iEH

MOEA/D-M2M [6]7& — M E TR 2 s, B BORM4ERMEEZE0IRE ), RS H)
fl oy AR PRI 5] . Horp uEE'*Ejjhluﬂi'éiéj\ﬁfﬁm?/\%@ﬁ%ﬂ%ﬁwﬁuﬁm HARCNTE H A5 2 7]
FEAE K AN B DA [ & v Ve v B BRI N K AT X O, Q,, 0, Qs O N

Q :{u|<u,v'>s<u,v >forany1:1,2,---,K} ©)
0o (0,0') 9 BRI oL UL RV (0. ST BRI, B TTEE (S
min f(x)=(f,(x), f (X)v"'yfm(x))T

(
9,(x)<0, j=1,2,--,p
h

t ((x)=0, j=p,p+L-.q (7
s.t.

XeSg[LbUb]

f(X)e

3. BEEigit
3.1. ZEIRALSZE

HEPRARMA R T, EE AR A RS R CV I A —A AR, B — AT
FAIXH BRUCAG ) R AR e IS A BL R, 7E m 4EL R HARIUAG R AL rh, AR 200K i S
JECV, LN m+1AHARRREG  HH Ul R il B (L) ey
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min £ (x)=(f,(x), f,(x),-, £, (x),CV (x))" ®)
Peng 25 M AR LI IE R T — P T 2SR LR % H AR EIALS], FOB I A A B A T 17 4
BT AR, SRR BRI AR o ) AT TSR B ol T R U B s BRI B
FOBEOEAL, MR 2 IEM SRR, FBOLA B TEHGE PR AL tHIUE LA AT AT X 4 s N S 0
Bt e ASCH AR EIN EIE R AL s, AR FRRE R AT AR LU R T AT SRR AT A R, EAR
A A BN ATIR, SRR R R
3.2. MEFEEK

Table 1. Weight generation strategy
=1 WMEFERE

HE 1. BUE AR SR

N ST R, AT R s BUHWATMLLE) E, . SEPRATATARELE) E/
B BEMEW,

Step 1. #JAAMLFAETAT. AATREW, « W,

Step 2.if F'<N-(1-E,) then

Step 3. {ERI4THE T 395 F S A w,

Step 4. W,/"=F/’

Step 5. else

Step 6. 7F A 47Tl 351 N - E, $URAW,

Step 7. f£ F/ hidid Maxmin J7iEi% H N -(1-E, ) MEFEIW,
Step 8. end if

Step 9. W, =W,/Uw/

BB AT ATMELLG] E, , SEBRTTATARELBI B, o Forp B R EEIEAL 57 ¢ A 115854 2 ) 7T 47t
BT b, B MBS AR FTAT AR 3 SRR R L A

ANTE]F[317= AL [ 58 B AT AT 5 AN AT AT AL EE 2, A B 7 A SR K Zh A T AT AT S5 AN ATAT AL E R B
SRR T RIS, Ak B SR AT AT AL T | B B S ARt RIEAOGME, R R
S B F=AESRIE I 1 B, W O TE RTAT S T Hh 38 50 7 A R B T A7 A R i
3.3. Adaptive Weight B %

AW (Adaptive weight) 5 iEHES2IE T MOEA/D-M2M [6], HEVFHERE I 2 fis:

Table 2. AW algorithm framework
=2 AW BERIES

By 2. AW HEHEY
BIN: N: RIS, K. X3 MaxFE : S RVPG RS
Wi FREEA
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Step 1. ¥IHWAEE Q,, KATXIHQ, (i=12,-,K) A=D, t=1

Step 2. while A 2 £ 1124+ do

Step 3. AR H 74T O,

Step4. C,=0,UQ,

Step 5. I RVE 1 AR EH N &

Step 6. T ASF F C i F—UMAQ,,
Step 7. EHAFRIE A, t=t+1v

Step 8. end while

Step 3 3% ] DE/rand/1/bin [715 1= E J5 AR
Step 6 X TAE—4E ) m+1 ZERCE [ w= (W, Wy, Wy ) s AR AT DAF

ASF = rﬁﬂa&(wj )

i=1 W

AR ASF [813Ml. I z=(2,2,,,2, +1) NEH N, 7, o ARTREER BT IR f, (X) B
/IME

FERSSE A FH DR TP REE G I AR PP AR AR AT AR . A5 AR AR A R T35 T N, U BB ST A7
A, IR E I (9) A N AN H A BT WSO ATHIAT 1 (R T AT MR SE WA R 4R A
4. WIESEE
41 BYERE

SHRVOE 5N T HIERS T RABORE N, B, XL TSRS ERER 0 F ©
. S HUE WIS TSRB0E R MEEECE N =100, XM K =N =10, KE%E = 100,
B RV Uk MaxFE = 200000, # kidE kA% t,,,, = N/MaxFE =2000, DE % FHCR=0.1. F=08.
TR PR AT AT i EE B E ST

c_ {0.49+0.625*(t/tmax) t/t <0.8

1 St 10

4.2. iR )R &

ARG FIEH C_DTLZ RAI[9]LA K MW R FI[10]31A4E -

I EE T AR [ B UPF (unconstrained Pareto front) 15 £ A4k i) & CPF (constrained Pareto
front), FIRILMZE PF HFASE M, KEFT IR UAE S 1 Fos:

Type |: CPF 5 UPF 5¢ & #[F;

Type I1: CPF 584 /& UPF [ —#i 4>

Type Ill: CPF —#4r 5 UPF A [F];

Type IV: CPF 5 UPF &2 A A,

WRAE EIR A, A PRI AR T i il REEAT 432K, Nk 3 BT
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Figure 1. Classification of CPF and UPF
B 1. CPF 5 UPF 432

Table 3. CPF classification of test problems
= 3. M E)E CPF 732

Type IV

Type

Problem

MWw?2
Mw4
Mw14
C1_DTLZ1
C1_DTLZ3
DC1_DTLZ1
DC1_DTLZ3

MwW1
MW5
MW6
MW8
C2_DTLZ2
DC1_DTLZ1
DC1_DTLZ3
DC3_DTLZ1
DC3_DTLZ3
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Continued
MW3
MW7
MW10
MW13

MW9
MW11
MW12

C3 DTLZ4

4.3. MEEEIRFF
4.3.1. IGD f&#F
IGD #EFR[11]VPAli /2 A ELSE Pareto S8R F) s B SRR 15 AR B iR S 1P I BRIREE . B H
— LR 2 1) ROR T BRI S S O It . — Ok UE IGD MV, PR BRI L PR, HAA
AP . 45E PTRIISIHUNAE PF B SIES, P REIEREIRRMBE QS RS, B4
IGD A A& SUN:
2 d(v.P)

|GD(P*,P)=% (11)

*

4.3.2. HV §%R

HV a8 FR[12] 1Ak ) 2 B SEBroR 1 I HE S R A TP AR5 525 5 2 R S R AR AR, [RIFERERE
[F) BN 7 2 b B R USSR M S A P . — R HV (R, FfS 2R U B B2 PR, HL B A 4T 18U
Mo BESHE N Z, X NEIESLRPTREMAESRE, x A X FAME, HA HV AT E SON:

HV(X,P)= Jv(x.P) 12)
xeX

T HV FEARE TR R Th I A A B 52 PR 3, BT DAL A& F T8 PR AR a) ) By M A

IR, T IGD FEAR U TV E) .

4.4, SCIGEER

AR, FAMEH 7 DW [3]. CCMO [4]. PPS [5]. IDBEA [13]/E4 AW HIxf EL &0V, FE4hH
TR M LESEIREE R . RS DW A BN SRALM AR, BT DAZIER 5 DGR 2 AR SRS AN ) 2 A By
HORM IR MR oM . R TTRETH IR RR IR ZE, BB TE Platemo [14]°F- & LX) @iz 1T 30
¥, FFHLIGD. HV 45551

Table 4. The algorithm runs average IGD results in 30 rounds of test problems
= 4. BRI PR 30 #1E1TFE IGD 4R

Type Problem M D AW DW CCMO PPS IDBEA
MW2 2 15 1.15E-01 1.32E-01 1.43E-01 3.59E-01 5.59E-01
|
MW4 3 15 6.08E—-02 4.92E-02 5.53E-02 5.77E-02 6.60E-01
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MwW14 3 15 6.08E—02 2.15E-01 1.03E-01 1.29E-01 2.71E+00
C1_DTLZ1 3 7 2.34E-02 2.53E-02 3.31E-02 2.59E-02 4.20E-01
| C1_DTLZ3 3 12 4.86E+00 5.63E+00 6.50E—02 7.69E—02 8.01E+00
DC2_DTLZ1 3 7 2.80E—02 5.12E-02 5.14E-02 2.85E-02 2.82E-01
DC2_DTLZ3 3 12 4.86E—01 5.68E-01 6.95E—02 5.73E-01 1.20E+00
MwW1 2 15 2.60E—03 2.04E-02 2.93E-03 2.66E-03 5.93E-01
MW5 2 15 6.63E-03 5.21E-01 4.18E-03 7.43E-01 7.38E-01
MW6 2 15 7.37E—02 7.68E—01 5.28E-01 3.18E-01 7.84E-01
MW8 3 15 8.08E—02 1.57E-01 1.96E-01 9.74E-02 9.12E-01
1 C2_DTLZ2 3 12 5.40E—02 5.73E-02 8.81E—01 5.70E—-02 6.82E—-01
DC1_DTLZ1 3 7 1.36E—-02 2.36E-02 3.68E-02 2.13E-02 3.94E-02
DC1_DTLZ3 3 12 5.23E—02 5.91E-02 2.25E-01 2.48E-01 1.37E-01
DC3_DTLZ1 3 7 1.24E-01 9.89E-02 8.52E—03 2.06E-01 4.67E-01
DC3 DTLZ3 3 12 2.10E+00 2.06E+00 6.74E—01 1.97E+00 3.01E+00
MW3 2 15 4.46E—-03 9.76E-02 5.35E-03 6.47E-03 4.50E-01
MW7 2 15 5.01E-03 7.23E-03 3.98E-03 5.73E-03 5.59E-01
. MW10 2 15 1.36E-01 4.81E-01 7.42E-01 2.90E-01 6.15E-01
MW13 2 15 2.63E—-01 6.69E-01 6.55E-01 4.76E-01 1.39E+00
MW9 2 15 8.64E—03 8.68E-03 1.50E—02 1.44E-02 4.93E-01
Mw11 2 15 7.35E-03 2.35E-02 6.39E—03 7.54E-03 1.16E+00
IV MW12 2 15 5.03E—-03 7.55E-03 7.09E-02 6.81E-03 6.10E-01
C3_DTLZ4 3 12 1.28E-01 1.45E-01 1.10E—01 1.30E-01 3.64E-01
Table 5. The algorithm runs average HV results in 30 rounds of test problems
52 5. BAAEMIR B 30 RIEITTEH HY &R
Type Problem M D AW Dw CCMO PPS IDBEA
MW2 2 15 3.87E-01 4.14E-01 3.90E-01 1.87E-01 1.17E-01
Mw4 3 15 8.12E-01 8.30E-01 8.19E-01 8.17E-01 1.63E-01
Mw14 3 15 4.89E-01 4.38E-01 4.64E-01 4.47E-01 2.43E-02
| C1_DTLZ1 3 7 8.30E—01 8.20E-01 7.97E-01 8.21E-01 9.43E-02
C1_DTLZ3 3 12 1.79E-01 1.65E-01 5.26E—01 5.15E-01 0.00E+00
DC2_DTLZ1 3 7 8.21E-01 7.63E-01 8.24E—01 8.09E-01 1.24E-01
DC2_DTLZ3 3 12 1.03E-02 1.29E-02 5.16E-01 1.18E-02 0.00E+00
MwW1 2 15 4.89E-01 4.72E-01 4.89E—01 4.88E-01 4.13E-02
" MW5 2 15 3.15E-01 1.61E-01 3.22E-01 9.09E-02 0.00E+00
MW6 2 15 2.43E-01 6.53E-02 1.01E-01 1.57E-01 3.09E-02
MW8 3 15 4.44E-01 3.26E-01 2.56E-01 4.18E—-01 5.37E-02
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C2_DTLZ2 3 12 4.92E-01 5.09E-01 4.89E—-01 4.99E-01 8.98E-02
DC1 DTLZ1 3 7 6.17E-01 6.17E-01 6.17E—-01 6.02E-01 5.65E-01
| DC1 _DTLZ3 3 12 4.59E—-01 4.31E-01 2.35E-01 3.53E-01 3.71E-01
DC3 DTLZ1 3 7 2.64E-01 3.29E-01 5.22E-01 1.79E-01 4.13E-02
DC3_DTLZ3 3 12 0.00E+00 0.00E+00 1.73E-01 0.00E+00 0.00E+00
MW3 2 15 5.44E—01 4.89E—-01 5.43E-01 5.43E-01 1.67E-01
MW7 2 15 4.12E-01 4.11E-01 4.13E-01 4.12E-01 1.72E-01
. MW10 2 15 3.36E-01 1.87E—01 7.17E-02 2.85E-01 1.14E-01
MW13 2 15 2.57E-01 2.09E-01 2.14E-01 2.23E-01 1.81E-01
MW9 2 15 3.88E-01 3.92E-01 3.84E-01 3.75E-01 1.05E-01
Mw11l 2 15 4.48E—01 4.43E—-01 4.47E-01 4.48E—01 9.48E-02
W Mw12 2 15 6.03E—01 6.01E-01 5.46E-01 6.03E-01 1.35E-01
C3 DTLZ4 3 12 7.77E-01 7.80E—01 7.79E-01 7.70E-01 5.92E-01

w4, X 5WLLEHYE DW AL, AW B35 JUTPAEAT ATt ) R AR 4 s 5 A SRR AR
Eb#, 7£ MW14. MW6. MWS8. DC1_DTLZ3. MW10. MW13. MW9 1 AW )1k At A B S5 A0 55
JEHLL MW10. MWS ¢ i3 .

= ) ) AW on MW10 ) 158 DW on MW10 CCMO on MW10
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Figure 2. Optimal solutions of each algorithm in two-dimensional problem MW10
B 2. FEAEZYPIRE MWI0 KB R

M 2 T DL AR — 48D A MWL0 PRl BL Y AW B B 28 SRAG AR 95 A AR AL T 0] B SR e 3L
A IS PE TSR T .t AW BRI 2R TR AT, ORE TR AT A B AN AT A 3 B
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AL BT B Bk R AT AT 98k, SEARAEE N PR AT AT, A R IR T SRE St gE - RIS e
TR M2M [6IHESBL AL A 1 DXk 2 5077 4, A b AL I R b R B T 2 0 A S ST, A R
TH T BB BOR R (4 BAT 1

M 3 AT LU AR = 4R 8 MW i AW SEAR BT HAt o e St B S ARk . il
T G NBUE P AL SR, AR AR AL S AT AT AR BRI N 51 AR ) PR OUCS, AHELT DW [3]HIE E
A AT B B v e L B A WS RE

AW on MWS, DW oaMWs CCMO on MWS
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Figure 3. Optimal solutions of each algorithm in three-dimensional problem MW8
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PR SR )

SE K

[1] Liang, J., et al. (2023) A Survey on Evolutionary Constrained Multiobjective Optimization. IEEE Transactions on Evolu-
tionary Computation, 27, 201-221. https://doi.org/10.1109/TEVC.2022.3155533

[2] Deb, K., Pratap, A., Agarwal, S. and Meyarivan, T. (2002) A Fast and Elitist Multiobjective Genetic Algorithm: NSGA-II.
IEEE Transactions on Evolutionary Computation, 6, 182-197. https://doi.org/10.1109/4235.996017

[3] Peng, C., Liu, H.-L. and Gu, F. (2017) An Evolutionary Algorithm with Directed Weights for Constrained Multi-Objective
Optimization. Applied Soft Computing, 60, 613-622. https://doi.org/10.1016/j.as0c.2017.06.053

[4] Tian, Y., Zhang, T., Xiao, J., Zhang, X. and Jin, Y. (2020) A Coevolutionary Framework for Constrained Multi-Objective
Optimization Problems. IEEE Transactions on Evolutionary Computation, 25, 102-116.
https://doi.org/10.1109/TEVC.2020.3004012

[5] Fan, Z., Li, W., Cai, X., Li, H., Wei, C., Zhang, Q., Deb, K. and Goodman, E.D. (2017) Push and Pull Search for Solving
Constrained Multi-Objective Optimization Problems. Swarm and Evolutionary Computation, 44, 665-679.
https://doi.org/10.1016/j.swev0.2018.08.017

DOI: 10.12677/pm.2023.135140 1379 P2k


https://doi.org/10.12677/pm.2023.135140
https://doi.org/10.1109/TEVC.2022.3155533
https://doi.org/10.1109/4235.996017
https://doi.org/10.1016/j.asoc.2017.06.053
https://doi.org/10.1109/TEVC.2020.3004012
https://doi.org/10.1016/j.swevo.2018.08.017

S5

EISIEE

[

(6]

[7]
(8]

[9]

[10]

[11]

[12]

[13]

[14]

Liu, H., Gu, F. and Zhang, Q. (2014) Decomposition of a Multiobjective Optimization Problem into a Number of Sim-
ple Multiobjective Subproblems. IEEE Transactions on Evolutionary Computation, 18, 450-455.
https://doi.org/10.1109/TEVC.2013.2281533

Jia, G., Wang, Y., Cai, Z. and Jin, Y. (2013) An Improved (u+ A)-Constrained Differential Evolution for Constrained
Optimization. Information Sciences, 222, 302-322. https://doi.org/10.1016/j.ins.2012.01.017

Wierzbicki, A.P. (1980) The Use of Reference Objectives in Multiobjective Optimization. Multiple Criteria Decision
Making Theory and Application: Proceedings of the Third Conference Hagen/Konigswinter, West Germany, 20-24 Au-
gust 1979, 468-486. https://doi.org/10.1007/978-3-642-48782-8_32

Jain, H. and Deb, K. (2014) An Evolutionary Many-Objective Optimization Algorithm Using Reference-Point Based
Non-Dominated Sorting Approach, Part Il: Handling Constraints and Extending to an Adaptive Approach. IEEE Transac-
tions on Evolutionary Computation, 18, 602-622. https://doi.org/10.1109/TEVC.2013.2281534

Ma, Z. and Wang, Y. (2019) Evolutionary Constrained Multiobjective Optimization: Test Suite Construction and Per-
formance Comparisons. IEEE Transactions on Evolutionary Computation, 23, 972-986.
https://doi.org/10.1109/TEVC.2019.2896967

Zhang, Q., Zhou, A. and Jin, Y. (2008) Rm-meda: A Regularity Model-Based Multiobjective Estimation of Distribu-
tion Algorithm. IEEE Transactions on Evolutionary Computation, 12, 41-63.
https://doi.org/10.1109/TEVC.2007.894202

Zitzler, E. and Thiele, L. (1998) Multiobjective Optimization Using Evolutionary Algorithms: A Comparative Case
Study. Parallel Problem Solving from Nature, PPSN V: 5th International Conference, Amsterdam, 27-30 September
1998, 292-301. https://doi.org/10.1007/BFb0056872

Asafuddoula, M., Ray, T. and Sarker, R. (2015) A Decomposition-Based Evolutionary Algorithm for Many Objective
Optimization. IEEE Transactions on Evolutionary Computation, 19, 445-460.
https://doi.org/10.1109/TEVC.2014.2339823

Tian, Y., Cheng, R., Zhang, X.Y. and Jin, Y.C. (2017) PlatEMO: A MATLAB Platform for Evolutionary Multi-Objective
Optimization. IEEE Computational Intelligence Magazine, 12, 73-87. https://doi.org/10.1109/MCI.2017.2742868

DOI: 10.12677/pm.2023.135140 1380 gL

T


https://doi.org/10.12677/pm.2023.135140
https://doi.org/10.1109/TEVC.2013.2281533
https://doi.org/10.1016/j.ins.2012.01.017
https://doi.org/10.1007/978-3-642-48782-8_32
https://doi.org/10.1109/TEVC.2013.2281534
https://doi.org/10.1109/TEVC.2019.2896967
https://doi.org/10.1109/TEVC.2007.894202
https://doi.org/10.1007/BFb0056872
https://doi.org/10.1109/TEVC.2014.2339823
https://doi.org/10.1109/MCI.2017.2742868

	基于分解的约束多目标进化算法
	摘  要
	关键词
	Decomposition-Based Constrained Multi-Objective Evolutionary Algorithm
	Abstract
	Keywords
	1. 引言
	2. 预备知识
	2.1. 约束多目标优化模型
	2.2. MOEA/D-M2M算法模型

	3. 算法设计
	3.1. 多目标优化方法
	3.2. 权重产生策略
	3.3. Adaptive Weight算法

	4. 数值实验
	4.1. 参数设置
	4.2. 测试问题集
	4.3. 性能指标
	4.3.1. IGD指标
	4.3.2. HV指标

	4.4. 实验结果

	5. 总结
	参考文献

