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Table 1 Statistical resultsof standard bi-objective flov shop case studiesobtained by BM EA and N SGA-11
C (20 )
( ) C(BEMEA, NSGA-Il) C(NSEA-Il, EMEA)
EM EA NSGA-II
CAR1 1 254 1711 0 995 0 022 Q 079 Q 200
CAR2 1 544 1 650 0 931 Q0 147 0 298 Q 317
CAR3 1 492 1 680 0 975 0 112 Q 396 Q 397
CAR4 1 418 1 736 0 959 Q0 149 0 116 Q 256
CAR5 1 310 1 700 0 979 0 096 0 400 Q0 366
CARG6 1272 1 762 1 000 Q0 000 Q 000 0 000
CAR7 1 004 1712 1 000 Q0 000 0 552 Q 470
CARS8 1 168 1 801 1 000 Q0 000 Q 737 0 153
RECO01 7. 294 7. 107 0 985 0 060 Q0 032 Q0 059
RECO03 8 784 7. 179 0 991 0 041 0. 005 Q 020
RECO05 7. 766 6 800 0 951 Q0 152 Q0 162 Q 280
RECO07 10 137 7. 945 0 984 Q0 050 0 095 Q 248
REC09 9 814 8 532 0 928 0 162 Q0 105 Q 207
REC11 9 298 8 493 0 993 Q0 032 Q0 016 Q0 053
REC13 10 991 10 180 0 958 Q0 103 0 083 Q 155
REC15 11 397 9 884 0 931 0 131 0 135 Q 199
REC17 10 966 10 079 0 981 0 062 Q 039 0 104
REC19 16 409 11 712 1 000 Q0 000 Q 042 0 086
REC21 15 522 12 193 1 000 Q0 000 0 003 Q 015
REC23 15 395 12 301 0. 986 0 036 Q 117 0 263
REC25 24. 892 17. 505 0 940 0 193 0 125 Q 309
REC27 23 237 17. 888 1 000 Q0 000 Q 012 Q 045
REC29 25 243 17. 099 0. 998 0 010 Q 088 Q 245
REC31 36 925 23 720 0 983 0 078 Q 040 Q0 179
REC33 34 944 23 344 1 000 Q0 000 Q0 206 Q0 310
REC35 37. 174 23 307 0 980 0 066 Q0 232 Q 338
REC37 74 322 59 000 0 994 Q 027 Q 024 Q0 090
REC39 78 243 57. 242 1 000 Q0 000 Q0 017 Q 075
REC41 75 599 59 561 1 000 Q0 000 Q 004 0 016
HEL1 81 227 43 097 0 984 Q0 074 0 094 Q 193
HEL2 11 970 8 462 0 961 0 150 0105 Q270

1 31 ( P-V 3 2G, 512V RAM)
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Optmal model of technology adoption tme with learn ng effect and its smulation

DAl Hong-kun, XU Jiu-ping
School of Business and A dministration, Sichuan University, Chengdu 610064, China

Abstract: Thispgoer focuseson the problem of enteprise’ s technology adoption tme decision Constructs an
optimal model of entemprise technology adoption time with leaming effect, considering influence of entemprise
inner learning effect and outer technology evolution on the adoption tme decision, mainly describing the leam-
ing effect Gives the decision-making rulesof entemprise optimal adoption time A nalyses the relations betveen
the optimal technology adoption time and fixed adoption cost, market wvolume, technology progress rate and
needs elasticity Model smulation tests the validity of the model and the rationality of adopting decision rules

Key words technology adoption; optimal model; leamning effect model smulation; technology strategy.

Escalatng evolutionary algor ithm with application to bi-objective flow shop
schedulng problans

SH | Rui-feng"”, ZHOU Hong’
1 School of Camputer Science and Engineering, Beihang University, Beijing 100083, Ching;
2 School of Econamics and M anagament, Beihang U niversity, Beijing 100083, China

Abstract: An escalating multi-objective evolutionary algoritm (BMEA), which aims at lving bi-objective
flov shop scheduling problem, isproposed in thispgper The new algoritim takes a naw elite duplication strat-
egy and an innovative escalating evolutionary structure, which improved the convergence and efficiency of the
algoritm and reduced its computational cost Besides, the proposed algoritm cambines those meta-heuristic
algorittms, which are adept at ®lving ecific objective optimization with flov shop scheduling problans, into
a tournament variable Parefo local search strategy at the end of each generation 31 typical bi-objective flow
shop case studies have been employed for demonstration The optmization results have showvn that, BM EA has
gotten outstanding Pareb frontiers in all test problems by contrast i those of awell-known algorithm NSGA - 11,

which revealed its efficiency and effectiveness in lving bi-objective flov shop scheduling problems

Key words multi-objective ewolutionary algorittm; escalating evolution; turnanent neighborhood search;

meta-heuristic local search; flov sop



