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Abstract: Aiming at the problems of high parameter dimension, strong feature redundancy and weak
correlation between target variables and features in hot metal KR desulfurization production process, an
integrated feature selection method IMFS (Feature selection based on importance measure) based on im-
portance measure is proposed. In the filtering pre-screening stage, the maximal mutual information coef-
ficient ( MIC ) is used to measure the correlation between each parameter and the target variable, as well
as the redundancy among each parameter, and the scale of candidate parameters is reduced according to
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the maximum relevance and minimal redundancy criteria. In the embedded selection stage, the Light-
GBM algorithm is introduced as the supporting model for quantifying information contribution and data
sensitivity, and the entropy weight method is used to weight and fuse the dual measurement results. Fi-
nally, according to the feature importance coefficient, the feature subset is optimized by combining the
GBT sequential forward search strategy. The experimental results show that compared with other meth-
ods, IMFS has significant advantages in eliminating redundant features and improving prediction accur-
acy, and can effectively balance the number of features and prediction accuracy.
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Fig. 1 An integrated feature selection method IMFS framework based on importance measure
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Table 1 Sequence forward search process
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Table2 An example of desulfurization process data in a

steel plant
Mixing Process

Number Steel grade Class Group speed/(rmin") """ duration/min
1 M2A4-2 2 1 68 34
2 SPHC(MD) 2 4 75 . 33
3 B(H) 1 4 70 25
6650 H2B1-1B 1 1 65 29
12 670 B(H1) 2 4 74 31
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Fig.2 Schematic diagram of a characteristic abnormal value before and after processing
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Table 3 Analysis of statistical indexes of some process parameters

Statistics Temperature/°C S content/%  Si content/% Mixing speed/(r~min") Depth/mm  CaO added/kg Metal quality/kg
Range  1211~1471 0.005~0.540 0.030 ~ 1.600 5~110 4200~5040 5~11305 135700 ~401 800
Median 1362 0.036 0.386 74 4590 1690.5 254 600

Before 4\ erage 1 360 0.041 0.403 71.8 4587 1858.7 253758
Standard 323 0.022 0.161 9.1 214 724.8 11 840.6
Range  1281~1443  0.005~0.070 0.057 ~0.752 49 ~ 95 4200~5040 550~3272 227300 ~ 278 200
Median 1363 0.036 0.387 74 4591 1661 254 800
After ) verage 1362 0.037 0.395 71.9 4588 1751.6 254 068
Standard 29.8 0.012 0.126 8.9 214 493.8 9810.7
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Table 4 Feature sensitivity assessment

Re SILIEEE, ¥ RMSE. MAE. R® L) Kz 0 Jiz st ] (£)
YERPERTERR

Feature Si Feature Si Feature Si
BT 5.07 ST 1.84 B W 7.66 R5 BIEFEIENE
B_S 6.75 PS 3.41 TS 15.45 Table 5 Feature subset evaluation
B Si 6.07 ID 438 S D 9.04
P U 4.19 L H 1.10 Optimal composition R RMSE MAE
SD. TS.BS.BW 0.8990 162.1303 114.756 3
0.20 L 0.204 SD. TS.BS.BW.,PU 0.9075 159.5028 111.7163
0174 SD.TS.BS.BW.PU.BSi 09075 155.1069 109.309 5
17 SD.TS.BS.BW.,P U, B Si,
BiT - - - - >t 09107 152.4032 107.4982
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Table 6 Features selected by different feature selection

methods
Method Feature subset
Pearson SD.BS.TS.LH
Spearman BT.BS.BSi.TS.BW.LH
MIC BS.BW.BSi.BT.TS.LH.PU
LightGBM S D.B S.B W. T S,PU.B T, P S B Si.I D
IMFS SD.TS.BS.BW.,PU,BSi,BT

JNFE 8 AT, $ YRR AR BE 3R i TE 224
B SR SR B AR . FEeE RELR
& k5 75 i, DNN. RF Hl XGBoost i % 43 51| 1% |
0.908. 0.912 F1 0.913, LT HABAFEZERE I %, &
B A% 7 R B R TR LA o AR R 25 40 BT T I,
IMFS J5 kA @ B pL sk iy PEfE . DL KNN ALAL R
i, H: RMSE & 167.97, % MIC(203.51) Fll Light-
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Table 7 Super parameter setting of the model

KNN DNN RF XGBoost SVR
K Batch_size Lr Epochs N_estimators Max_depth N_estimators Lr Kernel Degree Coef0
5 32 0.01 320 100 100 0.1 poly 3 1.0

* 8 EHEFHEEERFEMNRBRFMAEFTNAIENER
Table 8 Evaluation results of the traditional feature selec-
tion method for the prediction of desulfurizer ad-
dition

Method Model R RMSE  MAE tls

KNN 0.869 187.48 156.66  0.085

DNN 0.879 185.39  150.68  0.086

Pearson RF 0.893 163.96  133.29 1.378
XGBoost  0.884  175.86 148.28  0.133

SVR 0.881 177.17 14936  2.128

KNN 0.865 191.24  160.53  0.012

DNN 0.881 183.4 147.92  0.097

Spearman RF 0.891 167.37 133.52 1.554
XGBoost  0.889  170.77  139.25  0.152

SVR 0.883 17476 146.34 2374

KNN 0.856  203.51 17435  0.013

DNN 0.894  167.73 134.07  0.103

MIC RF 0.893 164.48 132.12 1.815
XGBoost  0.883 184.24 14837  0.143

SVR 0.889 169.77  138.53 243

KNN 0.873 182.01 153.25  0.018

DNN 0.897 163.55 131.82  0.113

LightGBM RF 0.896  161.26 130.64  2.092
XGBoost  0.894  162.73 130.88 0.15

SVR 0.899 156.17 12735 2384

KNN 0.884  167.97 146.44  0.013

DNN 0.908 152.58 118.41 0.103

IMFS RF 0.912 144.65 113.86 1.754
XGBoost  0.913 142.79 11234 0.145

SVR 0.897 158.96 12648  2.843

KNN 0.729 33098 29847  0.216

DNN 0.773  287.17 25438  0.137

All features RF 0.770  290.71  257.17  2.482
XGBoost  0.765 29722 26329  0.178

SVR 0.787 27156 23936  3.895
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Table 9 Prediction performance of deep learning feature extraction methods
Algorithm Optimizer Batch size Lr Epochs )ig RMSE MAE
ANN Adam 64 0.01 500 0.84 203.64 129.60
GRNN 1.0 0.82 215.77 156.01
1D-CNN Adam 32 0.005 800 0.86 182.80 133.32
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