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Investigation on the Model of Rolling Force by Integrating Industrial Big Data
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ABSTRACT: The paper aims to establish an integrated model of rolling force to solve the problem of low precision of rolling
force model established in the traditional analytical method. In the paper, all the industrial big data were normalized; and the
structure of the neural network model was optimized and a neural network model was established. On this basis, the neural net-
work model was organically integrated with the existed theoretical model through the compensation of error space, and thus ob-
taining integrated model of rolling force. The comparison with the existed rolling form model showed that better agreement was
found between the predicted results of the integrated model and the measured values. In which, the rolling force error was
—4.09%, and the rolling torque error was —4.01%. The method of integrating the two models can achieve mutual complementa-
tion of theoretical model and neural network model, to provide the calculated results with definite concept and high prediction
simultaneously.
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Tab.1 Measured rolling parameters
[} 0,
/ (m-s) € b mm h, /mm 1% /mm B, /kN My, /(kN-m)
2 —1.64 1134 299.36 272.02 9.13 3472.03 43 607 2640
3 1.66 1130 272.02 245.37 9.79 3474.37 44 006 2694
4 -1.68 1128 245.37 218.80 10.82 3476.56 43172 2665
5 1.82 1126 218.80 193.87 11.39 3478.65 42 269 2430
6 -1.97 1123 193.87 173.17 10.67 3480.51 39 061 2101
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Fig.2 Prediction accuracy of each data set of the neural network
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Tab.2 Rolling force and rolling torque between theoretical model and neural network prediction
and the errors with measured data
P. /kN M, /(kN-m) ep 1% ey, 1% P /KN M\ /(KN-m) Ep 1% Evon 170
38170 2347 —12.47 —-11.10 43 350 2618 —-0.59 —0.82
38 544 2354 —12.41 —12.64 41 849 2554 —4.90 =5.20
39182 2390 -9.24 —10.33 41750 2483 -3.29 —6.84
38516 2276 —8.88 -6.36 39 994 2367 —5.38 -2.58
34 824 1874 —10.85 —-10.81 36 439 1993 —6.71 —5.15
O~ =P~ P 8P =Py—F 3
SP Tab.3 Prediction of rolling force and rolling torque of the
d integrated model
My  OM N
4
40 999 -5.98 2502 -5.22
C D 41373 -5.98 2509 -6.88
Bk 42011 ~2.69 2545 -4.51
41 345 -2.19 2431 0.02
37 652 -3.61 2030 -3.42
ep =—4.09%
&y =—4.01%
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Fig.5 Comparisons of rolling force
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Fig.6 Comparisons of rolling torque
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