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Prediction Method of Hot Metal Silicon Content in Blast Furnace
Based on Optimal Smelting Condition Migration

JIANG Zhao-Hui"? XU Chuan' GUI Wei-Hua'? JIANG Ke!

Abstract The hot metal silicon content in blast furnace can characterize the hot metal quality and the condition of
blast furnace. It poses a great challenge to the online prediction of silicon content because of the frequent fluctu-
ation of smelting parameters and the existence of large time delay during the ironmaking process. This paper pro-
poses an algorithm for predicting the hot metal silicon content in blast furnace based on optimal smelting condition
migration. Firstly, arming at the frequent fluctuation of smelting process variables, an adaptive density peak clus-
tering algorithm based on the Bonferroni index to dynamically cluster the process variables of blast furnace iron-
making process is proposed, which can obtain clusters of different smelting conditions, and establish sub-models for
different smelting conditions. Secondly, to mitigate the large time delay of blast furnace ironmaking process, this pa-
per defines the silicon content migration cost function between adjacent time nodes, and proposes a multi-source
path optimization algorithm to solve the optimal migration path of silicon content during the smelting process and
the optimal prediction value of silicon content at the current time. Finally, the effectiveness and accuracy of the
proposed method are verified based on the industrial field data.

Key words Blast furnace ironmaking, hot metal silicon content, prediction, smelting condition migration, density
peak clustering
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Fig.1  Blast furnace ironmaking process
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Fig.2  Modeling strategy based on optimal smelting condition migration
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Table 1  MIC correlation coefficient of
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