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Prediction on strip finish rolling width based on incremental learning tree model

Wang Jialiang' , Wang Jingcheng'* | Li Jichao'
(1. School of Electronic and Information Enginnering, Xi’an Technological University, Xi’an 710012, China;
2. Department of Automation, Shanghai Jiao Tong University, Shanghai 200030, China)

Abstract: Aiming at the problems of inaccurate prediction model of finish rolling width spreading due to roller change or other reasons
during the rolling process of hot-rolled strip steel, and long training time when the dimension of data collected was high and the amount of
data was large in the field of hot rolling, a width prediction method based on incremental learning tree model for operating condition drift
was proposed. First, the causes and main characteristic parameters of the variable working conditions were obtained based on the tradition-
al finish rolling mechanism model. Then, the effective data features summarized at the mechanism and data levels were combined as the
input of the prediction model, and the width spreading prediction model was established by the incremental learning method. Finally, the
tree model established by incremental learning was compared with other machine learning models with the same indicators on actual data by
experimental design. The results show that the proposed tree model based on incremental learning has higher prediction accuracy and low
running time in wide-spread prediction.
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Fig. 1  Hot rolling flow diagram of 2050 mm strip in a domestic steel mill
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model based on incremental learning
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Table 4 Performance comparison of different models in

terms of prediction accuracy and runtime

i/ 4%
T 1000 10000 100000
MAE  Wl/s MAE  Bflal/s MAE  WfE)/s
Mechanism 1.57 — 1.52 — 1.46 —
Linear 1297  0.010 2.36 0.04 1.84 0.72
KNN 1.43  0.160 1.81 0.03 1.74 2.29
Ridge 1.94 0.003 2.32 0.0l 1.84 0.08
Lasso 1.62  0.002 1.43 0.01 1.8 0.13
A BP 1.68 7.380 1.61 178.18 1.39 589.61
Bl syR .73 0.09 1.55 817 1.51 1086.10

DecisionTree 3. 19 0.03 2.74 0.51 2.52 6.82

ExtraTree 2.01 0.01 2.90 0.12 2.62 1.81

Adaboost 174  0.38 2,10 3.91  2.11 60.65
Bagging 212 0.18 1.67 283 1.74 42.24
GDBT 213 1.8 1.53 1201 1.48 112.70
patt RF .64 1.57 118 801 1.53 339.95
%5 XGBoost  1.75 0.24 149 614  1.50 14.18
B ehiGBM 1,67 0.22 125 1.37  1.33 4.66
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Table S Comparison of prediction error and runtime for

incremental learning models

AL bR MAE I/ s
IL-BP 1.518 27.18
IL-RF 1.178 7.72
IL-XGBoost 1. 190 1.44
IL-LightGBM 1.170 1. 14
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