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Prediction of aluminum hot rolling force based on deep network

WEI Li-xin, WEI Xin-yu, SUN Hao, WANG Heng

(Key Lab of Industrial Computer Control Engineering Department of Yanshan University, Qinhuangdao 066004, China)

Abstract: In the aluminum hot rolling, the prediction accuracy of the rolling force directly affects the output and quality
of the finished product. In view of the inherent defects of traditional rolling force model, a MLP rolling force prediction
model based on deep learning method was proposed. The model uses MLP’s function approximation ability to regress the
rolling force. Based on the Mini-batch training, the model uses Batch Normalization method to stabilize the output
distribution of the network forward propagation, and uses the Adam stochastic optimization algorithm to improve the
gradient updating so as to solve the difficult training problem of the MLP model. The simulation results show that the
model can reduce the relative error between the network prediction and the measured data to less than 3%. Compared
with the traditional mathematical model, this method realizes the high precision prediction of the rolling force, and
realizes a high-precision prediction of rolling force.

Key words: aluminum hot rolling; rolling force prediction; deep learning; multilayer neural network; optimization algori
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