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Quantitative Prediction of Part Cycle Production Based on Industrial
Mechanism Model and Artificial Intelligence Algorithm

LI He,LU Yongsong, GAO Leilei
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Abstract; In order to improve the capacity of parts cycle production through accurate prediction, a quantitative
prediction method of parts cycle production based on industrial mechanism model and artificial intelligence algorithm was
studied. The industrial mechanism of the influencing factors of the periodic production capacity of parts was analyzed.
Three quantitative indexes of the equipment operation cycle time, the unit consumption of resources and the normal
operation time of the system were taken as the input of the convolution neural network. The periodic production capacity
of the parts was taken as the output of the convolution neural network. The quantitative prediction method of part cycle
production based on convolution neural network was used to complete the effective prediction of part cycle production
capacity. The experimental results show that the prediction results of the method are basically consistent with the real
results, and the method has high precision of quantitative prediction of part cycle production; the learning rate of
convolution neural network is set to 0. 005 Mibit/s, and the convolution kernel size is set to 5 X 5, it can improve the
quantitative prediction effect of part cycle production.
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Figure 1

Influencing factors of parts

cycle production capacity
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Figure 2 Structure of convolution neural network
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Table 1  Details of production line
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Table 2 Standard working hours of each
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link of parts processing process
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Figure 4 Variation of loss function at

different learning rates
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Figure 3 Comparison of training

results and prediction results
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Table 4 Prediction hit rate results of

different convolution kernel sizes
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Figure 5 Variation of loss function with
different convolution kernel sizes
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Figure 6 Comparison of quantitative prediction

results of parts cycle production
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