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Abstract: Accurate prediction of the endpoint mass fraction of carbon in the molten steel of RH
(Ruhrstahl Heraeus) can effectively improve the quality of continuously cast products. In order
to realize this goal, data mining was firstly applied to preprocess the RH industrial data. Then,
grey correlation analysis, Spearman correlation coefficient, and random forest out-of-bag error
scoring were used to select the features that had a strong correlation with the endpoint mass
fraction of carbon in the molten steel. Next, the principal component analysis method was
applied to reduce the dimensions. Finally, the XGBoost model, the XGBoost model optimized
by the particle swarm optimization algorithm, and the XGBoost model optimized by the whale
optimization algorithm were applied to predict the endpoint mass fraction of carbon in the molten
steel. The results show that grey correlation analysis is better than Spearman rank correlation
coefficient and random forest in analyzing the selected features. After the optimization of the
particle swarm optimization algorithm and whale optimization algorithm, the XGBoost model has
a greater prediction hit rate. The XGBoost model optimized by the whale optimization algorithm
is better than that by the particle swarm optimization algorithm. In the case of the XGBoost
model optimized by the whale optimization algorithm, the hit rate reaches 91. 26% and 98. 97%
if the error range is within £5x107°, and £7x107°,

Key words: endpoint mass fraction of carbon in molten steel; XGBoost algorithm; particle
swarm optimization algorithm; whale optimization algorithm; feature selection
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