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Data-driven dynamic scheduling method for
semiconductor production line
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Abstract: This paper investigates a framework of data-driven scheduling method for semiconductor production line.
Based on optimized scheduling data samples, this framework applies machine learning algorithm to obtain the dynamic
scheduling model. Using this model, we determine the approximate optimal scheduling strategy for the production line
under the current production status. On this basis, we propose a method based on feature selection and classification to
generate a dynamic scheduling model, and provide a realization by means of a hybrid algorithm of feature selection and
classification as such: production attributes are primarily selected by using a filter selection algorithm, and then the wrapped
selection and classification algorithm is employed to produce the scheduling model. On a real semiconductor production
line, the proposed framework is tested by using the dynamic scheduling models realized by 6 different algorithms. The
performance data of algorithms and the production performance using different scheduling methods are compared and ana-
lyzed. The data shows that the data-driven dynamic scheduling methods are superior to the method with simple dispatching
rule, and satisfy the real-time scheduling requirements for the production line. In the case with large size of sample data,
the application of the proposed method is even preferable.
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Fig. 1 A framework of data-driven dynamic scheduling

system for semiconductor production line
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Fig. 2 Generation of a scheduling model for semiconductor production line based on feature selection and classification methods
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Fig. 3 A generation framework of scheduling model for semiconductor production line based on GA-SAGA-ELM
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Table 1 Comparison of average performance
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Table 2 Learning performance statistics of 6 dynamic scheduling methods(training sample size=75)
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Table 3 Learning performance statistics of 6 dynamic scheduling methods (training sample size=350)
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