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Table 1  Algorithm 1

Algorithm 1: Procedure of CMOEA-DD

Input: N (population size);

Output: Popl

1: Popl,Pop2 « Random Initialization (N) ;

2: stage = global search

3: While termination criterion not fulfilled do

4:If stage = global search

5: M1 « Matching Parent(2,Pop1,N) ,

M2 « MatchingParent (2,Pop2,N) ;

6: 01 « OperateGA(Popl,M1,N),02 « OperateGA(Pop2, M2,N) ;
7:  Popl « Algorithm 2;

8:  Pop2 « Algorithm 3;

9: Else

10:  S1 « Calculate Fitness (Pop1,N),S2 « Calculate Fitness (Pop2,N) ;
11: M1 « Matching Parent(2,N,S 1), M2 « Matching Parent(2,N,S2) ;
12: 01 « OperateGA (Popl,M1,N),02 « OperateGA (Pop2, M2,N) ;
13: Popl « Environment Selection (Pop1,01,02,N,0) ;

14: Pop2 « Environment Selection(Pop2, 01,02, N, epsilon) ;

15: End If

16: Nc « Number of non-dominant solutions in Pop?2 ;

17: o « Calculate the objective function change of Pop2 ;

18:if Nc <N and o <« then

19:  stage,epsilon « Algorithm 4;

20: End If

21: End While

22: Return Popl
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Algorithm 2: Environmental selection of Pop 1

Input: Popl, O1, O2, N, M,

Output: Popl ;

1: RankC « Initialize convergence ranking;

2: RankF « Initialize feasibility ranking;

3: A « Uniform Point(M, N) ;

4: M « Merge Population(Pop1,01,02) ;

5: R « Related Individuals(M, A) ;

6: {F,,---,Fy} « Calculate dominance relationship based on CDP;
7: CrowdDis « Calculate the crowding distance of individuals;
8:If NUM(F)) <N

9:  RankF « sort({F,, -+, Fy},CrowdDis) ;

10: Else

11:  RankF « Truncation Method(F,, CrowdDis, N — Num(F,)) ;
12: End If

12: A « Calculate the value of the aggregation function;

13: RankC « sort(A, CrowdDis) ;

14: Popl « selset (RankC,RankF);

15: Return Popl

#3 Bk
Table 3  Algorithm 3

Algorithm 3: Environmental selection of Pop2

Input: Pop2, Ol , 02, N;
Output: Pop2 ;
1: OBJ « Calculate the objective value of Pop2 ;

»

(F,,--+,Fy} « Calculate dominance relationship based on OBJ ;
: CrowdDis « Calculate the crowding distance of individuals;

P Pope—0o;

: While NUM (Pop) < N

3
4
5
6: Pop « select({Fy, -+, Fy})
7: End While

8: Pop « delete(Pop, NUM (Pop) — N, CrowdDis) ;
9: Pop2 « Pop ;

10: Return Pop2
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Table 4 Algorithm 4

Algorithm 4: Update stage, epsilon

Input: g(k) (Current epsilon), yu (Threshold value),
7 (Variation parameter);

Output: stage,epsilon ;

LIf e(k)>pu

2: epsilon=(1-1)*&(k) ;

3: stage = local exploitation ;

4: Else

5: epsilon = max(¢) ;

6: stage = global search ;

7: End If

8: Return stage, epsilon
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Table 5 IGD obtained from eight algorithms on MW test suite
IGD
Function
NSGA-II C-MOEA/D NSGA-II PPS ToP CMOEA-MS CAEAD CMOEA-DD
MW]1 0.0147 0.0226 0.0115 0.0040 NAN 0.0022 0.1500 0.0019
MWw2 0.0300 0.0185 0.0239 0.1620 0.1700 0.0354 0.0892 0.0168
MW3 0.0094 0.0362 0.0380 0.0063 0.5120 0.0054 0.0058 0.0054
MW4 0.0550 0.0415 0.0421 0.0584 NAN 0.0440 0.0926 0.0496
MW5 0.2890 0.0265 0.1780 0.3560 NAN 0.0263 0.3590 0.0027
MW6 0.0302 0.0187 0.0441 0.5720 0.5930 0.0211 0.4130 0.0138
MW7 0.0498 0.0047 0.0558 0.0057 0.0873 0.0292 0.0055 0.0051
MW8 0.0612 0.0527 0.1750 0.1280 0.6620 0.0518 0.1230 0.0491
MW9 0.0815 0.0317 0.0681 0.0168 0.1150 0.1920 0.4660 0.0048
MW10 0.2110 0.0876 0.1380 0.3850 0.3410 0.0357 0.3810 0.0184
MW11 0.3080 0.1800 0.4760 0.0074 0.6470 0.0102 0.0064 0.0063
MW12 0.0056 0.0052 0.0697 0.0106 0.9450 0.0077 0.4270 0.0050
MW13 0.4820 0.1280 0.2800 0.4470 0.7230 0.1100 0.2670 0.0524
MW14 0.1250 0.2120 0.1130 0.1400 0.4130 0.1340 0.1960 0.1070
+/-1= 0/14/0 2/9/3 1/12/1 0/14/0 0/13/1 0/10/4 0/14/0
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Table 6 HYV obtained from eight algorithms on MW test suite

HV
Function
NSGA-II C-MOEA/D NSGA-II PPS ToP CMOEA-MS CAEAD CMOEA-DD
MW1 0.4770 0.4700 0.4790 0.4850 0 0.4890 0.3540 0.4890
MW2 0.5400 0.5570 0.5480 0.3820 0.3790 0.5340 0.4590 0.5600
MW3 0.5410 0.5260 0.5250 0.5430 0.2170 0.5430 0.5420 0.5430
MW4 0.8240 0.8410 0.8410 0.8080 0 0.8370 0.7690 0.8280
MW5 0.2190 0.3160 0.2570 0.2080 0 0.3090 0.1960 0.3230
MW6 0.2910 0.3050 0.2860 0.0968 0.1220 0.3010 0.1300 0.3110
MW7 0.3950 0.4110 0.3940 0.4120 0.3560 0.4080 0.4110 0.4120
MWS8 0.4960 0.5270 0.4470 0.3610 0.1300 0.5190 0.3790 0.5310
MW9 0.3480 0.3740 0.3510 0.3760 0.2720 0.2760 0.1230 0.3970
MW10 0.3210 0.3890 0.3570 0.2310 0.2460 0.4200 0.2320 0.4350
MW11 0.3690 0.4010 0.3270 0.4480 0.2830 0.4450 0.4470 0.4470
MW12 0.6040 0.6050 0.5520 0.5960 0.007 1 0.6010 0.2510 0.6040
MW13 0.3610 0.4330 0.3830 0.2780 0.2240 0.4300 0.3320 0.4540
MW14 0.4520 0.4440 0.4680 0.4480 0.3350 0.4630 0.4320 0.4660
+-/= 0/11/3 2/9/3 2/11/1 11172 0/13/1 1/10/3 0/13/1
1.6 1.6 1.6 1.6
ref
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F#7 8 FAILTE LIR-CMOP & F3R73 1 IGD
Table 7 IGD obtained from eight algorithms on LIR-CMOP test suite
IGD
Function
NSGA-II C-MOEA/D NSGA-II PPS ToP CMOEA-MS CAEAD CMOEA-DD
LIR-CMOP1 0.3000 0.2830 0.3020 0.0355 0.3190 0.3270 0.0692 0.0869
LIR-CMOP2 0.2520 0.2350 0.2630 0.0290 0.2840 0.2730 0.0248 0.0608
LIR-CMOP3 0.3150 0.2740 0.3210 0.0816 0.3420 0.3230 0.0326 0.0712
LIR-CMOP4 0.2820 0.2460 0.2920 0.0820 0.3240 0.3030 0.0292 0.0593
LIR-CMOP5 1.2200 1.2200 1.2300 0.0077 1.2100 0.4800 0.5400 0.0231
LIR-CMOP6 1.3500 1.3500 1.3500 0.0077 1.3200 0.4810 0.3580 0.1010
LIR-CMOP7 0.6120 1.3800 0.6350 0.1250 1.5300 0.1320 0.0332 0.1280
LIR-CMOP8 1.1200 1.6300 1.2800 0.1800 1.5400 0.2100 0.0395 0.1450
LIR-CMOP9 0.9900 0.8690 0.9970 0.3780 0.6230 0.7970 0.4470 0.2370
LIR-CMOP10 0.8580 0.8100 0.9080 0.2860 0.4570 0.4740 0.2130 0.0247
LIR-CMOP11 0.6920 0.8380 0.8400 0.2640 0.4450 0.5490 0.1380 0.0131
LIR-CMOP12 0.8120 0.6320 0.8160 0.2340 0.3150 0.3350 0.1810 0.0769
LIR-CMOP13 1.3300 1.3000 1.3200 0.1390 1.3200 0.0928 0.2450 0.1050
LIR-CMOP14 1.2800 1.2600 1.2700 0.1260 1.2700 0.0950 0.1510 0.1040
+/-1= 0/14/0 0/14/0 0/14/0 4/7/3 0/14/0 2/11/1 6/8/0
#8 8 FAILAE LIR-CMOP X & 3R HV
Table 8 HYV obtained from eight algorithms on LIR-CMOP test suite
HV
Function
NSGA-II C-MOEA/D NSGA-II PPS ToP CMOEA-MS CAEAD CMOEA-DD
LIR-CMOP1 0.1130 0.1180 0.1140 0.2220 0.1070 0.1090 0.2010 0.1970
LIR-CMOP2 0.2350 0.2380 0.2270 0.3480 0.2200 0.2280 0.3470 0.3290
LIR-CMOP3 0.1000 0.1090 0.0978 0.1750 0.0913 0.0995 0.1910 0.1770
LIR-CMOP4 0.1990 0.2110 0.1910 0.2810 0.1760 0.1900 0.3030 0.2890
LIR-CMOPS5 0.0000 0.0000 0.0000 0.2910 0.0000 0.1210 0.1450 0.2810
LIR-CMOP6 0.0000 0.0000 0.0000 0.1970 0.0019 0.0896 0.1180 0.1720
LIR-CMOP7 0.1680 0.0477 0.1610 0.2460 0.0228 0.2450 0.2830 0.2450
LIR-CMOP8 0.0826 0.0073 0.0591 0.2360 0.0218 0.2310 0.2810 0.2460
LIR-CMOP9 0.1050 0.1610 0.1140 0.4410 0.2700 0.2240 0.3790 0.4840
LIR-CMOP10 0.1030 0.1500 0.0866 0.5630 0.4420 0.4280 0.5980 0.6910
LIR-CMOP11 0.2670 0.2180 0.1970 0.5240 0.3980 0.3890 0.6090 0.6870
LIR-CMOP12 0.2470 0.3590 0.2620 0.5110 0.4620 0.4610 0.5240 0.5830
LIR-CMOP13 0.000 1 0.0004 0.0003 0.4970 0.0066 0.5560 0.4310 0.5360
LIR-CMOP14 0.0004 0.0010 0.0007 0.5190 0.0070 0.5560 0.4860 0.5440
+/-/= 0/14/0 0/14/0 0/14/0 4/7/3 0/14/0 2/11/1 5/8/1
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#9 8 FPEEVLTE DASCMOP Il DC_DTLZ A& [ 31519 IGD

Table 9 IGD obtained from eight algorithms on DASCMOP and DC_DTLZ test suites
IGD
Function
NSGA-II C-MOEA/D NSGA-II PPS ToP CMOEA-MS CAEAD CMOEA-DD
DASCMOP1 0.7410 0.6970 0.7490 0.0879 0.7660 0.7310 0.0039 0.3090
DASCMOP2 0.2800 0.2420 0.2730 0.0052 0.6160 0.2590 0.0047 0.1470
DASCMOP3 0.3620 0.3680 0.3490 0.2740 0.6930 0.3440 0.0200 0.3560
DASCMOP4 0.1200 0.0707 0.2950 0.2210 NAN 0.0548 0.0182 0.0024
DASCMOP5 0.3020 0.0109 0.4050 0.1580 NAN 0.1100 0.0300 0.0030
DASCMOP6 0.5260 0.4760 0.5100 0.3460 NAN 0.3150 0.1110 0.0345
DASCMOP7 0.0512 0.0432 0.0410 0.2120 NAN 0.0366 0.1760 0.0353
DASCMOP8 0.0660 0.0834 0.0710 0.1750 NAN 0.0396 0.1330 0.0412
DASCMOP9 0.3820 0.3670 0.4710 0.2050 0.6810 0.3580 0.0425 0.0428
DC1 _DTLZ1 0.0147 0.0183 0.0137 0.0320 0.0345 0.0194 0.0805 0.0147
DC1_DTLZ3 0.0433 0.0451 0.0425 0.4290 0.8420 0.0766 1.7700 0.0370
DC2 DTLZI1 NAN 0.1160 0.1350 0.0475 NAN 0.0207 0.0630 0.0239
DC2 DTLZ3 NAN 0.5610 NAN 0.4140 NAN 0.3930 0.4530 0.2150
DC3 DTLZI1 0.1450 0.1070 0.1570 0.3880 2.4300 0.0348 1.0700 0.0083
DC3_DTLZ3 1.6300 1.1900 1.4700 2.5200 7.4300 1.2500 2.8000 0.1640
+/-/= 0/14/1 0/14/1 1/14/0 1/11/3 0/15/0 2/9/4 3/11/1
# 10 8 ML/ DASCMOP Ml DC_DTLZ M &M - 3K45 1 HV
Table 10 HV obtained from eight algorithms on DASCMOP and DC_DTLZ test suites
HV
Function
NSGA-II C-MOEA/D NSGA-II PPS ToP CMOEA-MS CAEAD CMOEA-DD
DASCMOP1 0.0064 0.0127 0.0066 0.1900 0.0091 0.0125 0.2120 0.1330
DASCMOP2 0.2460 0.2540 0.2460 0.3550 0.0884 0.2550 0.3550 0.2990
DASCMOP3 0.2090 0.2030 0.2110 0.2300 0.0386 0.2130 0.3110 0.2050
DASCMOP4 0.1530 0.1840 0.0883 0.1400 0 0.1870 0.1930 0.2030
DASCMOP5 0.1800 0.3470 0.1410 0.2690 0 0.2870 0.3360 0.3510
DASCMOP6 0.0585 0.1230 0.0652 0.1730 0 0.1640 0.2780 0.3050
DASCMOP7 0.2820 0.2860 0.2840 0.2080 0 0.2860 0.2350 0.2850
DASCMOPS 0.1980 0.1960 0.2010 0.1580 0 0.2080 0.1780 0.2050
DASCMOP9 0.1250 0.1230 0.1100 0.1640 0.0641 0.1290 0.2040 0.2040
DC1_DTLZ1 0.6130 0.6270 0.6310 0.5730 0.5630 0.6050 0.4710 0.6170
DC1_DTLZ3 0.4620 0.4730 0.4700 0.2940 0.1800 0.4580 0.0783 0.4660
DC2_DTLZ1 0 0.5990 0.5500 0.7560 0 0.8400 0.7250 0.8300
DC2 DTLZ3 0 0.0079 0 0.1710 0 0.1960 0.1590 0.3790
DC3_DTLZ1 0.1810 0.2840 0.1610 0.2040 0.0138 0.4090 0.0303 0.5250
DC3_DTLZ1 0.0000 0.0000 0.0000 0.0306 0.0000 0.0000 0.0785 0.2600
+/-/= 0/15/0 3/11/1 2/11/2 2/11/2 0/15/0 3/9/3 3/111
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Constrained Multi-Objective Evolutionary Algorithm Based on
Dual-Stage Dual-Population

WANG Xuewu, CHANG Chenhui, GU Xingsheng
(Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education,
East China University of Science and Technology, Shanghai 200237, China)

Abstract: When dealing with constrained multi-objective optimization problems (CMOPs), it is crucial to balance
convergence, feasibility, and diversity. Existing constrained multi-objective evolutionary algorithms (CMOEAs) often
struggle to achieve such a balance, resulting in poor performance of the algorithms in handling optimization problems
with complex feasible regions. To address this long-standing challenge, this paper proposes a novel evolutionary
algorithm based on a two-stage and two-population collaborative optimization framework, termed CMOEA-DD. In the
global exploration stage, the first population (Popl) achieves an effective balance between objectives and constraints
through a dynamic ranking strategy. Specifically, while guiding the population to stably converge towards the true
Pareto front, this strategy deliberately retains infeasible individuals with excellent objective values, as such individuals
can provide valuable directional information for subsequent feasible region exploration and further enhance the
algorithm’s convergence speed. Meanwhile, the second population (Pop2) ignores constraint conditions entirely and
aims to conduct comprehensive and extensive exploration of the entire solution space, thereby avoiding the risk of
being trapped in local feasible regions. Critically, Pop2 guides Popl to safely traverse potential infeasible regions by
sharing high-quality offspring information, which helps Pop1 escape local optima and discover more promising feasible
sub-regions. In the local development stage, Pop2 gradually increases the preference degree of individuals for the
constraint conditions. At the same time, it improves the distribution effect of Popl by providing feasible individuals
with good diversity. A large number of experiments conducted on four well-known test suites demonstrate that
CMOEA-DD is more competitive than seven representative CMOEAs.

Key words: constrained multi-objective optimization; evolutionary algorithm; coevolution; dual-population; dual-

stage
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