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Modeling and control of guide-disk speed of rotary piercer
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Abstract: Recently, to improve the quality of seamless steel tubes, many domestic billet enterprises use skew rolling
piercer with Diescher guide-disc to pierce steel billets. However, in skew rolling piercing, the guide-disc speed can’t
be measured directly because of the limitations in practical conditions. Therefore, an online soft measurement of the
guide-disc speed has to be developed for controlling the guide-disc speed to improve the productivity and quality of steel
tubes. To cope with this problem, we propose a measurement model based on the extreme learning machine(ELM) method
with improvements made by us in this paper. This improved ELM method is combined with the principal component
analysis(PCA) to let the input values of ELM be analyzed by PCA for improving the generalization performance. On the
other hand, the training and predicting time of ELM is reduced by classifying the hidden layer nodes. Thus, a model based
on the improved PCA-ELM method is established. Simulation results verify that this model is effective and applicable.
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Fig. 1 Guide disc work system
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Fig. 2 Single-hidden-layer feedforward neural network
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Fig. 3 Improved ELM network structure
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Fig. 4 Modeling process of guide disc speed soft sensor
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