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Prediction for Rolling Force in Hot-rolling Mill Using On-line learning Neural Network

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

Jl Abstract J

In the face of global competition, the requirements for the continuously increasing productivity, flexibility and
quality(dimensional accuracy, mechanical properties and surface properties) have imposed a major change on steel manufacturing
industries. Indeed, one of the keys to achieve this goal is the automation of the steel-making process using Al(Artificial
Intelligence) techniques. The automation of hot rolling process requires the developments of several mathematical models
for simulation and quantitative description of the industrial operations involved.

In this paper, a on-line training neural network for both long-term learning and short-term leaming was developed in
order to improve the prediction of rolling force in hot rolling mill. This analysis shows that the predicted rolling force
is very closed to the actual rolling force, and the thickness error of the strip is considerably reduced.
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Fig. 1 Comparison of measured rolling force and

calculated rolling force using model

Fig 12 6% 29HEo|A gdsts BdAA U=
Ui agolch. BdzA M & FAdFS &7
) s3] 10% 24 A S wol ofu ok AAH L
2 gastFed EAst gdaty PR &4 vg
yul, 2 227 QA deht glo] A 2 A& E
At

Fig. 2 Comparison of measured rolling force and

recalculated rolling force
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Table 1 Comparison of first coils PAM and
Non-first coils PAM

No. of stand First coils Non_first coils
Stand #4 97.2671 97.0731
Stand #5 94.0870 95.4763
Stand #6 82.5342 94.1066
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Fig. 3 Comparison of predicted rolling force

using neural network and conventional model
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Fig. 5 Block diagram of neural network
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Fig. 5 Block diagram of neural network application
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Fig. 6 Comparison of predicted roiling force

using on-line learning and conventional model

Fig. 7 Comparison of predicted rolling force

using on-line learning and off-line learning
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Fig. 8 Comparison of rolling force error using

neural network and conventional model

Table 2 Comparison between neural network with
conventional model

Conventional| Off-line | On-line
learning learning | leaming
PAM 98.9784 99.3990 100
Stand #4 | Standard
deviation
PAM 97.8966 984976 | 99.8798
Stand #5 | Standard
deviation
PAM 92.1274 992788 | 99.8197
Stand #6 | Standard
deviation

No. of stand

322789 333416 | 272763

38.9290 33.8484 | 28.7398

333793 18.6670 | 152144
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