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Fig. 1. FlexSim Model for 3 Unrelated Parallel Machines

Table 1. Processing Times of Given Jobs

Type Processort Processor?2 Processor3
1 | Uniform(10, 20) | Uniform (30, 40) | Uniform(30, 40)
2 | Uniform(30, 40) | Uniform (10, 20) | Uniform(30, 40)
3 | Uniform(30, 40) | Uniform (30, 40) | Uniform(10, 20)
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Table 2. Comparisons of Performance Measures

As "IXKlE allolFsIE RL 23 o|lg
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Queue3 Ed Cf7|A|ZF 379.7 16.0
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