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Abstract: For the carbon and manganese content at the end point of converter converting, data driven prediction
models for carbon and manganese content at the end point of converter blowing were established by using big data
and machine learning algorithm LGBM (Light Gradient Boosting Machine). The input variables of the model include
the composition of hot metal, the weight of hot metal, the weight of scra, oxygen consumption and the addition
amount of slagging formers. The learning curve parameter adjustment method was used to determine the optimal
hyperparameter values of the two models. The research results indicate that under the premise of big data, balanced
data distribution is beneficial for improving the predictive performance of data-driven models established by machine
learning algorithms. Within the error range of (-0.025%, 0.025%), (-0.020%, 0.020%), and (-0.015%, 0.015%), the
hit rates of the endpoint carbon prediction model are 95.43%, 94.06%, and 89.73%, respectively; The hit rates of the
endpoint manganese prediction model were 97.00%, 95.69%, and 90.61%, respectively. The root mean square error
(RMSE) of the endpoint manganese prediction model is near to that of the endpoint carbon prediction model, but its
coefficient of determination (R?) is higher and closer to 1 than that of the endpoint carbon prediction model.
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Table 2 Optimal parameters for the end-point carbon prediction model

ZH FRSHEIE FE
learning_rate (0.01, 1.0 0.018
max_depth (1, 30 2
n_estimators (100, 1000) 830
num_leaves (1, 50) 4
max_hin (10, 500) 100
bagging_fraction (0.1, 1.0 0.6
bagging_freq (1, 20) 7
feature_fraction (0.01, 1.0) 0.7
feature_fraction_seed (1, 20) 9
bagging_seed (1, 20) 9
min_data_in_leaf (1,10) 3
min_sum_hessian_in_leaf (1,10) 3
Fx2 ApRTIRENSERSHAE
Table 2 Optimal parameters for the end-point carbon prediction model
ZH FNSHEEH FAUE
learning_rate (0.01, 1.0) 0.02
max_depth (1, 30 6
n_estimators (100, 1000) 230
num_leaves (1, 50) 4
max_hin (10, 500) 220
bagging_fraction (0.1, 1.0) 0.96
bagging_freq (1, 20) 10
feature_fraction (0.01, 1.0 0.9
feature_fraction_seed (1, 20) 9
bagging_seed (1, 20) 9
min_data_in_leaf (1,10) 2
min_sum_hessian_in_leaf (1,10) 3
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Fig. 1 The prediction results of end-point carbon model from the first 200 heats
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Fig. 2 Comparison between predicting and actual values from end point carbon model
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Fig. 3 The prediction results of end-point manganese model from the first 200 heats
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Fig. 4 Comparison between predicting and actual values from end point manganese model
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