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Fig. 1. Single Machine Model Layout for Reinforcement Learning
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Table 1. Sequence dependent setup time

Type 1 2 3 4 5
1 0 10 20 30 40
2 10 0 10 20 40
3 20 10 0 10 30
4 30 20 10 0 10
5 40 30 20 10 0
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Table 3. Comparisons of Performance Measures

Queuel ERCHZ|AIZHE)
Case 2lE A= RL 2% 0|&
1 3058.56 1271.9
2 3019.4 1706.66
3 2896.28 1098.51
4 3023.43 2058.59
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