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Improvement of Thickness Accuracy in Hot-rolling Mill Using Neural
Network and Genetic Algorithm
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JI Abstract ]

The automation of hot rolling process requires the developments of several mathematical models for simulation and
quantitative description of the industrial operations involved in order to achieve the continuously increasing productivity,
flexibility and quality(dimensional accuracy, mechanical properties and surface properties). The mathematical modeling
of hot rolling process has long been recognized to be a desirable approach to investigate rolling operating practice
and design of mill requirement. To achieve this objectives, a new learning method with neural network to improve
the accuracy of rolling force prediction in hot rolling mill is developed. Also, Genetic Algorithm(GA) is applied to
select the optimal structure of the neural network and compared with that of engineers experience. It is shown from

this research that both structure selection methods can lead to similar results.
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Table 1 Limits of search

Bit Bit value Value
000 Iteration : 100
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111 Iteration : 170

No. of neuron

000 in hidden layer : 4
4~6 :
11 . No. of neuron
in hidden layer : 11
Iteration | Number of hidden
' layer neurons

1 0 0 0 i 0

Fig. 1 Binary coding of neural network structure
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Fig. 4 Search for a optimal neural network structure
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Fig. 8 Comparison of rolling force error using neural
network and conventional model
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Table 2 Comparison between neural network with

conventional model
Model PAM(%) | Standard deviation
Conventional model | 84.1918 43.8336
Neural network 98.9343 18.6946
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