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Abstract: Aiming at the multi-objective unrelated parallel machine hybrid flow shop scheduling problem, a
multi-objective mathematical model with the goal of minimizing the maximum completion time, the total
energy consumption of the machine and the processing cost of the machine is established. An improved multi-
objective evolution algorithm based on decomposition (IMOEAD) is proposed. The uniform design table is
used to generate the initial weight vector to improve the population diversity. The normal distribution is used
to cross and design an adaptive Gaussian mutation to improve the global search ability and local search ability
of the algorithm. Individuals are selected in the weight vector neighborhood to generate new solutions, and
non-dominated levels and crowding distances are used to update external files. Inverted generational distance
(IGD) , generational distance (GD) and number of non-dominated solutions (NDS) are taken as
performance indicators. Through simulation cases, the effectiveness of IMOEAD is verified compared with non-
dominated sorting genetic algorithm [I (NSGA- [l ) and multi-objective evolution algorithm based on
decomposition (MOEA/D).
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Table 1 Comparison of experimental results for IGD
2 p P . IMOE/?D . . MOEAKD . . NS(;A*'AII .
RAME O RORME CFHE R/ME S RORE CFEE RME S RO CFEIE
j10c3al 2,2,3 0.0083 0.0107 0.0091 0.0136 0.0223 0.0189 0.0142 0.0221 0.0192
j10c3a2 2,3,2 0.0081 0.0131 0.0098 0.0149 0.0257 0.0179 0.0154 0.0255 0.0197
j10c3a3 3,3,2 0.0079 0.0145 0.0103 0.0166 0.0246 0.0200 0.0159 0.0261 0.0207
j10c3ad 4,2,3 0.0075 0.0145 0.0099 0.0180 0.0223 0.0198 0.0167 0.0245 0.0201
j10c3ad 4,3,2 0.0070 0.0146 0.0102 0.0169 0.0238 0.0198 0.0178 0.0266 0.0197
j20cdal 2,2,2,3 0.0084 0.0144 0.0103 0.0173 0.0221 0.0189 0.0165 0.0257 0.0198
j20c4a2 2,3,3,2 0.0077 0.0142 0.0104 0.0175 0.0263 0.0210 0.0184 0.0266 0.0217
j20c4a3 3,4,2,2 0.0078 0.0122 0.0102 00152 0.0265 0.0202 0.0187 0.0289  0.023 2
j20cdad 4,2,2,3 0.0078 0.0156 0.0113 0.0176 0.0285 0.0225 0.0178 0.0296  0.0230
j20c4a5 4,2,3,4 0.0075 0.0147 0.0107 00177 0.0255 0.0218 0.0187 0.0287 0.0218
j30cbal 2,3,2,2,2 0.0062 0.0102 0.0084 0.0225 0.0299 0.0268 0.0220 0.0299 0.0259
j30cha2 3,2,3,2,3 0.0071 0.0133 0.0095 0.0189 0.0289 0.0252 0.0195 0.0321 0.026 2
j30cba3 2,2,4,2,3 0.0072 0.0163 0.0111 0.0188 0.0298 0.0229 0.0201 0.0300  0.0253
130c5ad 4,2,3,2,3 0.0062 0.0139 0.0100 0.0194 0.0299 0.0256 0.0197 0.0299  0.026 5
130c5ad 3,4,2,2,3 0.0070 0.0102 0.0088 0.0198 0.0278 0.0247 0.0168 0.0294 0.0258
150cbal 2,3,2,2,3 0.0065 0.0138 0.0110 0.0206 0.0308 0.0272 0.0245 0.0322 0.0292
150c5a2 3,2,3,2,3  0.0080 0.0138 0.0093 0.0199 0.0311 0.0279 0.0253 0.0321 0.0290
150c5a3 2,4,2,3,2  0.0068 0.0165 0.0096 0.0182 0.0388 0.0273 0.0184 0.0313 0.026 5
150c5ad 3,4,2,2,3 0.0064 0.0109 0.0087 0.0189 0.0301 0.0262 0.0221 0.0335 0.027 3
150c5ad 4,2,4,3,2 0.0058 0.0135 0.0085 0.0206 0.0364 0.0278 0.0179 0.0325 0.026 7
- H 0.0072 0.0135 0.0099 0.0181 0.0281 0.0231 0.0188 0.0289 0.0239
Fx2 GDIWERIT
Table 2 Comparison of experimental results for GD
22 4 e 1 _ H\/:)EAD _ M;)EA/D _ N:(;A*H
BAME EBKRME FRE EBAME BKE FHE mME BKRE CTFHIE
j10c3al 2,2,3 0.016 3 0.0397 0.0229 0.0418 0.0887 0.0640 0.0371 0.1086  0.0656
j10c3a2 2,3,2 0.0106 0.0365 0.0241 0.0418 0.0908 0.0701 0.0482 0.0942 0.0612
j10c3a3 3,3,2 0.016 5 0.0442 0.0279 0.0458 0.1092 0.0701 0.0492 0.0964  0.069 2
j10c3ad 4,2,3 0.0164 0.0329 0.0205 0.0493 0.0954 0.0690 0.0451 0.1104 0.0774
j10c3ad 4,3,2 0.0135 0.0337 0.0220 0.0546 0.0946 0.0748 0.0528 0.0991 0.080 3
120c4al 2,2,2,3 0.0169 0.0387 0.0241 0.0589 0.1071 0.0781 0.0454 0.1328 0.086 6
j20c4a2 2,3,3,2 0.0171 0.0371 0.0252 0.0578 0.1083 0.0820 0.0586  0.1376  0.090 2
120c4a3 3,4,2,2 0.0184 0.0363 0.0265 0.0534 0.1249 0.0823 0.0489 0.1288  0.086 0
120cdad 4,2,2,3 0.0113 0.0398 0.0236 0.0560 0.1252 0.0740 0.0589 0.1117  0.086 0
j20c4a5 4,2,3,4 0.0127 0.0369 0.0236 0.0533 0.1153 0.0798 0.0603 0.1401  0.090 6
j30cbal 2,3,2,2,2 0.0143 0.0355 0.0217 0.0623 0.1328 0.0955 0.0729 0.1303  0.0953
130c5a2 3,2,3,2,3 0.0132 0.0382 0.0239 0.0710 0.1320 0.0895 0.0694 0.1346  0.092 8
j30cba3 2,2,4,2,3 0.0153 0.0359 0.0224 0.0734 0.1251 0.0846 0.0671 0.1364  0.0980
j30cbad 4,2,3,2,3 0.0165 0.0306 0.0248 0.0700 0.1399 0.1057 0.0846 0.1339 0.118 1
j30chab 3,4,2,2,3 0.0104 0.0365 0.0230 0.0842 0.1394 0.1152 0.0826 0.1400  0.1096
j50cbal 2,3,2,2,3 0.0112 0.0378 0.0252 0.0919 0.1388 0.1244 0.0813 0.1486 0.1222
150cha2 3,2,3,2,3 0.0119 0.0388 0.0244 0.0813 0.1494 0.1221 0.0843 0.1617 0.1157
150c5a3 2,4,2,3,2 0.0124 0.0341 0.0223 0.0871 0.1641 0.1300 0.0985 0.1699  0.1275
150c5ad 3,4,2,2,3 0.0113 0.0384 0.0248 0.1015 0.1515 0.1224 0.0962 0.1937 0.1481
150c5ad 4,2,4,3,2 0.0121 0.0354 0.0246 0.1030 0.1659 0.1387 0.1197 0.2019 0.166 2
F I E 0.0139 0.0369 0.0239 0.0669 0.1249 0.0936 0.0681 0.1355 0.099 3
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Table 3 Comparison of experimental results for NDS
R IMOEAD MOEA/D NSGA-1I
w0 REGR s . s VTS T -
wBAME mKME PHME mME O EKME FHME mME mKRE CFHE
j10c3al 2,2,3 26 35 31.9 11 20 15.6 6 15 9
j10c3a2 2,3,2 26 38 33.3 14 24 18.1 6 15 12
j10c3a3 3,3,2 26 37 32.7 11 17 15 8 16 11.9
j10c3ad 4,2,3 27 40 32 16 22 17.9 14 22 17.7
j10c3a5 4,3,2 25 38 34.2 13 20 17.4 11 20 15.9
j20cdal 2,2,2,3 27 39 33.1 16 25 18.9 12 24 19.6
j20c4a2 2,3,3,2 30 38 33.9 12 23 17.9 8 19 15
j20c4a3 3,4,2,2 29 35 32.2 14 23 17 11 24 17.7
j20c4ad 4,2,2,3 30 38 33.2 13 21 16.6 12 26 17.3
j20cda5 4,2,3,4 31 42 37.2 14 23 18.1 10 26 17.1
j30c5al 2,3,2,2,2 29 38 33 12 22 16 13 21 16.1
j30c5a2 3,2,3,2,3 28 41 34 11 22 16.9 9 16 12
j30c5a3  2,2,4,2,3 30 37 33.8 12 27 18.3 13 26 19
j30cbad 4,2,3,2,3 28 39 32.4 12 24 17.5 11 18 14.5
j30c5a5  3,4,2,2,3 29 37 32.9 15 22 17.6 12 18 15.1
j50cbal 2,3,2,2,3 28 38 32.3 14 21 16.5 9 20 15.6
j50c5a2 3,2,3,2,3 31 37 34.9 13 25 17.4 12 25 16.4
j50c5a3  2,4,2,3,2 32 41 35.8 15 25 20.8 17 28 21.7
j50c5a4  3,4,2,2,3 27 40 33.3 14 25 18.7 12 22 17.9
j50c5a5 4,2,4,3,2 25 36 31.6 14 24 19.5 14 28 20
I (E 28.20 38.20 33.39 13.30 22.75 17.59 11.00 21.45 16.08
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