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Abstract: The chemical composition of sinter is one of the key factors that determine the quality of sinter and the direct
motion of blast furnace smelting. In order to stabilize the chemical composition of sinter the chemical composition of
sintered ore and mixed ore is analyzed and the chemical composition with high correlation between the two is selected as
the input parameters and the Bayesian algorithm is used to optimize the hyperparameters in the random forest algorithm to
w( TFe) w( FeO) w( Si0,) w( CaO) w( MgO) w( ALO;)

predict the chemical compositions and the correlation

between alkalinity( R)  of the sinter and a prediction model of the chemical composition of sinter based on BORF is
established. The prediction results show that the prediction accuracy of the chemical composition of the sinter reaches more
than 90. 0% of which the prediction accuracy of sinter w( CaO) is 96.9% and the prediction accuracy of sinter R is
96. 5% . The relative error of chemical composition prediction of sinter is within 7. 0% of which the relative prediction

error of sinter R is within 3.5% and the relative prediction error of sinter w( TFe) is within 1.4% and the overall

prediction accuracy is high.
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Tablel Grey correlation analysis correlation coefficient of each component
w( TFe) w( FeO) w( Si0,) w( Mg0) w( Ca0) w( ALO,) R
0. 877 0. 964 0. 864 0. 864 0.764 0. 864 0. 885
0.562 0. 908 0. 508 0. 508 0. 508 0. 508 0. 818
0.451 0.948 0.435 0.417 0. 456 0. 440 0.411
0. 867 0.910 0.814 0. 811 0. 705 0. 807 0. 444
w( TFe) 0. 966 0.919 0.367 0. 364 0. 368 0. 366 0.362
w( Ca0) 0.451 0.472 0. 449 0.947 0. 964 0. 458 0.919
w( MgO) 0. 905 0.588 0.914 0.954 0.912 0.917 0. 805
w( Si0,) 0.949 0.902 0.953 0.918 0. 964 0. 955 0. 964
w( AL 0;) 0.542 0. 906 0. 964 0.911 0. 905 0. 964 0.908
w( P) 0. 540 0.574 0. 607 0. 661 0.590 0. 548 0. 646
w( S) 0.532 0. 602 0. 615 0.677 0.629 0.571 0. 664
w( C) 0. 483 0.511 0. 569 0. 636 0.524 0.535 0. 642
w( K, 0) 0. 488 0. 486 0. 566 0. 628 0. 500 0.533 0. 609
w( Na,0) 0.487 0. 480 0.575 0.622 0. 498 0.532 0. 609
w( Zn) 0.476 0.478 0. 554 0.616 0.491 0.522 0. 604
w( Pb) 0. 482 0. 483 0. 555 0. 623 0.494 0.527 0. 606
w( AL O,)
0.9 w( ALO;) . w(Si0,) . w( MgO) ;
w( Ca0) . w( Si0,) . w( ALO,)
w( TFe) w( TFe) | 1.3
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Table 2 Main hyperparameters involved in the RF model
2.1
N_estimators 3 o 3

Min_samples_split
Max_depth

Max_features

w ( TFe) . w(FeO) . w( Si0,) .
w( Ca0) . w( MgO) . w( Al,O;) . R
90.3% + 90.2% + 90.4% + 96.9% + 91.0%

bootstrap 92.4% \ 96.5%
9
N \ N ~w( TFe) (w(Si0,) 3 o
3 (R*)
Table 3 Model evaluation results
w( Si0,) w( TFe) w( Al,05) w( MgO) w( FeO) w( Ca0) R
0.904 0.903 0.924 0.910 0.902 0. 969 0. 965
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(a) w(Fe); (b) w(Si0,); (¢) R, (d) w(MgO); (e) w(FeO); (f) w(CaO); (g w(ALO,)
1— ;22—
3
Fig. 3 Fitting curves of various predistive indicators
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(a) w(Fe); (b) w(Si0,); () Ry (d) w(MgO); (e) w(FeO); (f) w(CaO); (g) w(ALO;)
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Fig. 4 Relative error curves of various predictive indicators
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