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Improved Genetic Algorithm for Scheduling Problem of Hybrid Flow
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Abstract ; In order to realize the cooperative production between upstream and downstream proces-
ses and machines in distributed manufacturing environment,the scheduling problem of hybrid flow
shop with transportation is studied. A scheduling model of hybrid flow shop with transportation con-
straints is established to minimize the completion time including processing time , transportation time
and processing waiting time. An improved genetic algorithm (QGA ) based on Q-learning is de-
signed to solve the model. Firstly,in this algorithm, genetic operations such as coding and genetic
operators are designed based on the job sequence number. Secondly, the state set of the population
is constructed according to the fitness function of the population,the values of the crossover proba-
bility and mutation probability are taken as the action,and the best individual fitness and the aver-
age population fitness are used as rewards. Finally, Q-learning is used to intelligently adjust the
crossover and mutation parameters,the convergence speed and global search ability of genetic algo-
rithm can be improved. The simulation results show that compared with genetic algorithm, the
makespan of QGA in this paper is reduced by 2. 0% on average, and convergence speed is in-
creased by 18. 1% .
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Fig.1 Flow chart of shop scheduling
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Fig.2 Diagram of the decoding result
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parameters
e N Py P, Conax
1 30 0.01 0.9 75
2 30 0.05 0.9 77
3 30 0.10 0.9 75
4 80 0.01 0.8 76
5 80 0.05 0.8 75
6 80 0.10 0.8 74
7 130 0.01 0.7 73
8 130 0.05 0.7 74
9 130 0.10 0.7 75
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Table 2 Simulation results with different initial

parameters of Q-learning algorithm

R %IE PR GEE G
1 0. 10 0.99 0.1 74
2 0.05 0.99 0.1 73
3 0.01 0.99 0.1 73
4 0. 10 0.95 0.3 74
5 0.05 0.95 0.3 74
6 0.01 0.95 0.3 72
7 0. 10 0.90 0.5 75
8 0.05 0.90 0.5 74
9 0.01 0.90 0.5 73
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SRS n L M LA A A
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Table 4 Experimental results under different sizes

Sy Conax

5 1 2 3 4 5 6 7 8 9 10

S1 31 32 31 31 31 3 31 31 31 31
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Table 5 Comparison of experimental results

at a small scale

AL QGA GA-TS

(n,L,M)

T/s Topima/s C

max 0] max Tl /s Toplima] /s

(10,3,9) 25 024 L7125  0.14 257
(10,5,10) 40  0.35 6.2 41 0.17  9.56
(10,8,13) 8  0.54 4.8 8  0.30 6.9
(10,3,13) 17 0.26  2.85 17 0.18  4.00
(10,5,9) 6l 0.35 174 6l 0.20 2.16
(10,8,10) 8 052 627 8 028 11.28
(25,3,9) 45  0.54 2862 47  0.25 4.26
(25,5,10) 57  0.79 40.94 60  0.38 50.89
(25,8,13) 137  1.30 87.41 144  0.60 58.54
(25,3,13) 25 0.56 1517 26  0.27 17.11
(25,5,9) 142 0.80 80.33 144  0.38 59.62

(25,8,10) 158 .24 118.12 164 0.60  65.62
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Table 6 Comparison of experimental results

at a large scale
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(50,3,9) 87 L.04 3656 90 0.50 42.77
(50,5,10) 104  1.64 131.36 110  0.77 93.45

(50,8,13) 280  2.59 251.42 283  1.19 128.52
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(100,3,9) 169  2.13 204.67 172 0.99  140.58
(100,5,10) 208  3.26 404.82 215  1.54 221.47
(100,8,13) 509 514 606.76 514  2.47 281.66

(100,3,13) 73 2,12 76.22 76 1.01 87.20

(100,5,9) 474 3.39  392.93 477 1.59  258.01

(100,8,10) 499 4.96 466.68 504 2.50 463.36
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