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Abstract: In the basic oxygen furnace (BOF) steelmaking process, accurate determination of the molten steel composition
is a critical step in determining the tapping point. Currently, this decision relies primarily on operator experience,
supplemented by manual sampling and laboratory analysis. However, such an approach not only limits production
efficiency but is also subject to human error. To reduce the influence of subjective judgment, an improved random forest
(RF) model optimized by the grey wolf optimization (GWO) algorithm was proposed. Using a 120-ton converter at a steel
plant as the research object, multiple process parameters were selected as input features, including the hot metal weight,
scrap ratio, blowing time, Si, Mn and P contents of the hot metal, hot metal temperature, the converter operation
parameters, and the consumption of oxygen, argon, and nitrogen. The model enables real-time prediction of the endpoint
concentrations of C, Si, Mn, P and S in molten steel. The model was trained and dynamically updated via 1 783 sets of
actual industrial data. Through hyperparameter tuning, the prediction time is reduced to 0.1~0.3 s, with a prediction
accuracy exceeding 90%. While improving generalizability and stability, the model achieves fast and reliable prediction of
steel composition and significantly reduces dependence on manual decision-making.
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Fig.1 Flowchart of machine learning algorithms

1
Tab.1 Data information

Count Mean Std Min 25% 50% 75% Max
Hot metal weight 783.0 1253 22.44 42 98.5 140 145.4 162.8
Scrap weight 783.0 20.06 3.422 0 18.14 18.64 22.42 40.07
Si in hot metal 783.0 0.491 0.127 0 0.4 0.483 0.57 1.036
Mn in hot metal 783.0 0.192 0.039 0 0.16 0.19 0.22 0.42

P in hot metal 783.0 0.165 0.022 0 0.151 0.161 0.177 0.24
S in hot metal 783.0 0.022 0.01 0 0.018 0.023 0.029 0.078
Hot metal temperature 783.0 1374 60.37 173 1349 1378 1405 1521
Oxygen consumption 783.0 6076 946.2 0 5084 6443 6871 7937
Argon consumption 783.0 55.09 84.75 0 1 14 103 957
Nitrogen consumption 783.0 2017 554.9 0 1629 1894 2350 4239
Blowing time 783.0 734.7 63.16 0 688 733 780 929
C of steel output 783.0 0.067 0.058 0 0.049 0.057 0.069 0.079
P of steel output 783.0 0.018 0.007 0 0.015 0.018 0.021 0.086
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Fig.2 Feature correlation heatmap of the C content at the end of the converter process
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Fig.3 Feature correlation heatmap of the P content at the end of the converter process
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Fig.6 Prediction of the end-point C content in the converter on the basis of the SHAP values: (a) impact on the model output;
(b) decision tree diagram
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Fig.7 Prediction of the end-point P content in the converter on the basis of the SHAP values: (a) impact on the model output;
(b) decision tree diagram
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Fig.8 Predicted accuracy of C content at the end of the converter process under different algorithms: (a) BPNN algorithm, (b) RF
algorithm, (c) GBDT algorithm
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Tab.2 Optimized hyperparameter types ,
Algorithm Hyper-parameter Range GWO-RF
GWO Num_wolves 10 82.185%,
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Convergence factor 2
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Min samples split 2~10 s
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Fig.10 Predicted accuracy of P content at the end of the converter process under different algorithms: (a) BPNN algorithm; (b) RF
algorithm; (c) GBDT algorithm
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Fig.11 Prediction of the P content at the end of the converter in the GWO-RF algorithm: (a) before parameter correction; (b) after
parameter correction
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Fig.12 Main interface module for the online prediction software
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Fig.13 Data input module for the online prediction software
14
Fig.14 Data prediction module for the online prediction software
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