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A Study on the Prediction for Rolling Force Using Radial Basis Function Network in

Hot Rolling Mill
Joon-Sik Son*, Duk-Man Lee’, Ill-Soo Kim™, Seung-Gap Choi’

{ Abstract J

A major concern at present is the simultaneous control of transverse thickness profile and flatness in the finishing stages
of hot rolling process. The mathematical modeling of hot rolling process has long been recognized to be a desirable approach
to investigate rolling operating practice and the design of mill equipment to improve productivity and quality. However,
many factors make the mathematical analysis of the rolling process very complex and time-consuming. In order to overcome
these problems and to obtain an accurate rolling force, the predicted model of rolling force using neural networks has
widely been employed.

In this paper, Radial Basis Function Network(RBFN) is applied to improve the accuracy of rolling force prediction
in hot rolling mill. In order to verify and analysis the performance of applied neural network, the comparison with
the measured rolling force and the predicted results using two different neural networks - RBFN, MLP, has respectively
been carried out. The results obtained using RBFN neural network are much more accurate those obtained the MLP.
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Table 1 Comparison between neural network

with conventional model

Conventional
No. of stand MLP | RBFN
model

PAM(%) 97.34 98.40 | 99.29
Stand #4 | Standard | ) 03 4181 | 35.50
deviation

PAM(%) 95.20 97.16 | 98.76
Stand #5 | Standard
deviation
PAM(%) 84.19 97.51 | 98.40
Stand #6 | Standard
deviation

52.25 37.28 | 36.15

43.83 20.60 | 19.85
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