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Sinter grade prediction model based on OOA-CatBoost
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Abstract: In the process of sintering production sinter grade is one of the important indicators to evaluate the quality of
sinter. In order to improve the level of sintering production a prediction model of sinter grade proportion based on the overall
production parameters is established in order to solve the problems of hysteresis and grade proportion control and prediction
in the sintering process. The 12 key parameters after feature selection are taken as input variables and the corresponding
sinter grade proportion is used as the output variable. Through data preprocessing methods such as missing data filling data
augmentation and outlier point replacement high—quality datasets for predicting the proportion of sinter fraction are
obtained. The Osprey Optimization Algorithm ( OOA) and Categorical Feature Gradient Boosting Algorithm ( CatBoost) are
used to construct the prediction model. The results show that the mean absolute error ( MAE) of the OOA-CatBoost algorithm
model is 0. 276 9 the mean square error ( MSE) is 0. 043 3 and the coefficient of determination ( R*) is 0. 949 9. Compared

with 11 other machine learning models such as the dwarf mongoose optimization ( DMO) algorithm the sparrow search
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algorithm optimization ( SSA) the random forest ( RF) optimized by the osprey optimization algorithm the lightweight

gradient booster ( LightGBM) and the extreme gradient boosting algorithm ( XGBoost) the proposed model achieves good

prediction results. Based on the industrial measured data the average prediction error of the OOA-CatBoost algorithm for

the proportion of sinter grade can reach 0. 085 2 which can provide theoretical guidance for optimizing the ratio of raw

materials mixing parameters and sintering machine parameters so as to improve the grade proportion of high—quality sinter.
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1
Fig. 1 Flow chart of sintering process
1

Table 1 Gain model training parameter

w( TFe) \w( Ca0) .w( MgO) w( Si0,) w( Al,0,) w( Ti0,) «w(S) w( P) «w( K,0) \w( Na,0) \w( Zn) .

w( MnO) w( FeO) ( %) w( Al,0,) /w( Si0,) (R) . (R)
>8mm. (58 mm.(35 mm.<3 mm
(' min) | (°C). ( mm/min) (%) . (%) . (%)
2 Gain
Fig.2 Gain principle schematic
. (R 0.971 2
1.2
031 Gain 2 o
2 Gain
Table 2 Gain model training parameter
miss_rate 0.02
batch_size 128. 00
hint_rate 0.90
alpha 100. 00

iterations 10 000. 00
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Fig. 3 MIC correlation analysis
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4 Pearson

Fig. 4 Pearson correlation analysis

(a) w(TFe); (b) w(ALO;); (c¢) w(TiO,); (d) w(MnO)
1— ; 2— o
5

Fig.5 Schematic before and after data enhancement
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Fig.7 Characteristic data box plots
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Table 3 Predicted results from different models
8 o
O MAE O sk R
DMO-RF 10 40 0.6984 0.0566 0.746 0
DMO-XGBoost 10 40 0.7189 0.0537 0.7715
DMO-CatBoost 10 40 0.6643 0.0513 0.7912
DMO-LightGBM 10 40 0.8413 1.1875 0.699 8
SSARF 10 40 0.4273 0.0630 0.8939
SSA-XGBoost 10 40 0.3418 0.0611 0.900 3
SSA-CatBoost 10 40 0.2978 0.0463 0.942 8
SSAightGBM 10 40 0.3291 0.0555 0.9177
OOA-RF 10 40 0.4196 0.0629 0.894 3
0O0OA-XGBoost 10 40 0.3534 0.0578 0.9107
8 OOA-CatBoost 00A-CatBoost 10 40 0.2769 0.0433 0.949 9
Fig. 8 Flowchart of the OOA-CatBoost model OOA-LightGBM 10 40 0.3683 0.0551 0.9189
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Fig. 9 Simulation effect of the prediction of the percentage of different grain sizes
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Fig. 10 Predicted share of sinter ore with grain size
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