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Abstract: This study proposes a phosphorus content prediction model for the endpoint of electroslag remelting (ESR) re-
fining process based on Mutual Information (MI) method and XGBoost. The MI method is utilized for feature selection
and assessment of factors affecting the endpoint phosphorus content. The dataset after feature selection serves as the input
variables for the model. The MI-XGBoost model is trained and validated using production data. Grid search cross-
validation is employed for model structure adjustment and hyperparameter optimization. It is compared horizontally with
MI-RR, MI-RF, MI-GBDT, and MI-KNN models. The results demonstrate that the MI-XGBoost model exhibits the high-
est prediction accuracy. The incorporation of MI and GridSearchCV enhances the model’s predictive performance and fit-
ting ability. Validation of the test set shows that the MI-XGBoost model achieves R*, Mean Absolute Error, Explained Vari-
ance Score, and Maximum Error values of 0. 889 4, 0.000 4, 0.897 2, and 0. 004 1, respectively, all superior to MI-
RR, MI-RF, MI-GBDT, and MI-KNN models. The MI-XGBoost model effectively predicts the endpoint phosphorus con-
tent, providing valuable reference for endpoint control and determination in the ESR refining process. It presents a new
perspective for realizing the intelligence of the ESR refining process.

Key Words: Electroslag Remelting; Mutual Information Method; XGBoost Algorithm; Phosphorus Content; Machine
Learning
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Fig. 1 Mutual information score plot of characteristic variables
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Fig. 2 Effect of phosphorus content model prediction :
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Table 3 Improving hyperparameters in machine learning
algorithms

(e HSEL LRI A
Max_iter (100,10 000) 1200
MI-RR
solver [svd, Isqr] Isqr
n_estimators (100,1 000) 113
MI=RF max_depth (3,10) 9
minfsan}ples (2.10) 5
_split
base_score (0,1) 0.5
max_depth (3,10) 8
n_jobs (1,20) 12
booster [gbtree, ghlinear] ghtree
MI=XGBoost 1 estimators (100,1 000) 790
learning_rate (0.001,0.1) 0.02
subsample (0.1,1.0) 0.98
""f;g‘g’el‘*— (0.1,1.0) 0.68
learning_rate (0.001,0.1) 0.07
n_estimators (100,1 000) 959
MI-GBDT max_depth (3,10) 3
minfsan}ples (2.20) 5
_split
n_neighbors (1,10) 1
MI-KNN weights ["uniform’, 'distance’] uniform
algorithm ["ball_tree’, 'kd_tree’] kd_tree
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Table 4 Comparison of evaluation indicators of the im-
proved phosphorus content model
MI-

Bhn XGBoost MI-RF MI-RR  MI-GBDT MI-KNN
R’ 0.889 4 0.8698  0.3457 0.8822  0.8457
MAE 0.000 4 0.000 5 0.001 8 0.000 5 0.000 4
EVS 0.897 2 0.8742  0.3501 0.8924  0.8532
ME 0.004 1 0.0049  0.008 1 0.004 3 0.006 0
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