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Fuzzy subgradient algor ithm for solving L agrangian relaxation
dual problem
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Abstract: To the problem of zigzaging happened in 0lving the undifferential L agrangian dual problem s by subgradi-
ent algorithm, a subgradient algorithm based on fuzzy theory ispresented In thismethod, the resulting subgradient
direction is attained by combining all history subgradient directions, w hich are achieved in the iteration process, fol-
low ing a smple membership function The resulting subgradient direction uses the history information suitably,

thereby significantly reduces the olution zigzagging difficulty w ithout much additional computational requiranents

The convergence of the algorithm isproved Thismethod is then applied in the traveling salesnan problem, and the
results show that thismethod leads to significant mprovement over the traditional subgradient algorithm.
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1 2 3 4 5
150 61 128 382 159 867 142 017 149 012
s ES s ES s ES s ES S ES
86 52 312 115 272 87 71 55 182 88
10 146 483 146 709 124 39 123 368" 155 972 156 146 138 468 138 574 142 831 143 524
20 148 153 148 78 125 918 126 277 157 758 158 371 140 269 140 895 145 170 145 978
30 148 877 149 168 125 858 126 768 158 038 158 754 140 828 141 182 146 741 147 469
40 148 927 149 673 126 133 127 169 158 254 158 846 141 169 141 455 147 207 147 856
50 149 797 150 110 127 098 127 386 158 442 159 122 141 503 141 884 147 348 148 024
75 150 375 ~ —— 126 971 127 953 158 601 159 599 <~ —— — 147 957 148 620
100 — — 127428 128 155 159 059 < — — — 148372 —
125 — — 127662 — 159200 @— — — 148652 —
150 = — 127791 — 150434 @ — — — 148683 —
175 — — 127751 —— 150397  — — — 148817 —
2 42
1 2 3 4 5
175 387 177 43 183 063 174 908 176 34
s ES s ES s ES s ES s ES
129 52 126 66 %4 52 60 a1 72 48
10 170 431 170 995 171 928 172 981 176 442 177 452 169 300 168 910° 171 432 171 843
20 173 405 173 861 174 513 174 770 181 51 181 666 172 918 172 975 173 416 174 351
30 173 745 174 563 175 953 176 073 182 208 182 445 173 914 174 169 174 548 175 219
40 174 151 174 946 176 385 176 632 182 449 182 657 174 441 174 635 1755 175 924
50 174 611 175 127 176 571 176 92 182 531 182 826 174614 —— 175855  ——
75 174 898 —— 176 945 — 182 717 < — — — — —
100 174 954 ~ —— 177113  — — — — — — —
125 175 211 —— 177231 —— — — — — — —
150 — S S — — — S — — —
175 — — — — — — — — — —
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10 212 592 213 531 213 587 212 300" 200 211 201 547 225 981 227 169 213 535 213 619
20 217 534 217 554 217 868 218 665 204 226 204 689 230 738 230 975 215 484 215 551
30 218 204 218 679 219 767 220 575 205 394 206 030 232 12 232 411 215 829 215 924
40 218 718 219 009 220 679 221 48 206 284 206 662 232 793 233 222 215 896 < ——
50 219 021  — 221 18 221 853 206 847 206 917 233 174 233 275 < — —
75 — —— 221777 222192 206 992 —— 233231 233526 @ — —
100 — — 22185 — — — 233202 — — —
125 — — 22012 — — — 233403 — — —
150 — — 22121 @ — — — 233258 @ — — —
175 — — — — — —— 233508 — — —
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