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Abstract; To address the problem of low accuracy in the blast furnace ironmaking model, a
precise multi-objective optimization model for the blast furnace production process was
established. Firstly, the massive data from blast furnace were pre-processed before machine
learning. Then, six kind of machine learning algorithms were used to predict coke ratio and K
value, including support vector machine, random forest, gradient boosting regression tree,
XGBoost, LightGBM and artificial neural network. Feature engineering and hyper-parameter
tuning were used to optimize the prediction results from machine learning. Finally, the new
ensemble learning method was used for prediction. Consequently, the proposed machine learning
method has not only high accuracy, but also good robustness. Based on the prediction from machine
learning , multi-objective optimization analysis of blast furnace parameters is further carried out by
NSGA-II algorithm so that Pareto optimal solution can be obtained. Therefore, the blast furnace
operator can select the corresponding control parameters, according to these multi-objective
optimization results.

Key words: blast furnace ( BF); machine learning; ensemble learning; genetic algorithm;
parameter prediction
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Table 1 Determination coefficients of machine learning before feature engineering
s K
SVM RF GBRT XGBoost LightGBM ANN Ensemble
L 1# 0.477 8 0.7569 0.6774 0.662 5 0.772 8 0.8334 0.758 6
K& 1# 0.8983 0.9389 0.9233 0.9224 0.947 6 0.963 6 0.948 8
fEL 24 0.4114 0.688 0 0.6429 0.6345 0.7390 0.8137 0.7155
K {E 2# 0.6813 0.8128 0.779 1 0.7453 0.83438 0.8730 0.8336
S H 0.6172 0.7992 0.7557 0.7412 0.8236 0.8709 0.814 1
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Table 2 Determination coefficients of machine learning after feature engineering

RZ
WH
SVM RF GBRT XGBoost LightGBM ANN Ensemble
L 1# 0.6819 0.8211 0.804 5 0.803 6 0.8543 0.8850 0.8520
K1{H 14 0.924 8 0.963 1 0.946 9 0.944 8 0.968 6 0.969 8 0.966 3
L 2# 0.5319 0.8584 0.8119 0.796 2 0.8432 0.8838 0.8469
K {H 2# 0.7442 0.8388 0.8298 0.8121 0.8911 0.896 3 0.8679
I 0.7207 0.8703 0.8483 0.8392 0.8893 0.908 7 0.8833
*3 HBNSFFIEZEWTEBRS (BERAM)
Table 3 Hyper parameters of each machine learning algorithm( generic item)
RF GBRT GBRT XGBoost XGBoost
BS /I - . . — o
max_depth n_estimators learning_rate max_depth learning_rate
A 9 400 0.1 5 0.1
W55 LightGBM__ nght-GBM_ ANN__ ANNf ANN_
num_leaves learning_rate epochs batch_size patience
1 HE 31 0.1 2 000 64 100
x4 BNRFIEZNEIEESH(FEAM)
Table 4 Hyper parameters of each machine learning algorithm( non-generic item)
SR FEH 1# K 1# FEH 2# K {H 2#
SVM_ C 98 1 111 2
SVM__gamma 0.0208 0.0109 0.0109 0.0109
RF__n_estimators 400 400 300 400
GBRT__max_depth 5 5 5 5
XGB__n_estimators 202 499 317 477
LGB__n_estimators 285 500 194 494
LGB__max_depth 7 5 7 7
ANN__ Dropout 0.3 0.3 0.2 0.2
ANN__Ir 0.000 5 0.000 5 0.000 3 0.000 3

FEXIASCH H AR BN 240, SRR HLE: 2T ptkoE 80k 6 Fis.

®5 BHAMRBNRZEINRERY

Table 5 Determination coefficients of machine learning after hyper parameters tuning

RZ
i H
SVM RF GBRT XGBoost LightGBM ANN Ensemble
£ 1# 0.8886 0.8285 0.858 1 0.8452 0.8557 0.8850 0.882 3
K1{H 1# 0.927 8 0.953 0 0.959 1 0.958 8 0.9659 0.969 8 0. 966 8
FELL 2# 0.870 8 0.8329 0.8556 0.8417 0.863 4 0.883 8 0.880 1
K 2# 0.741 8 0.8510 0.8856 0. 868 3 0.8802 0.896 3 0.8829
FHME 0.8572 0. 866 3 0.8896 0.878 5 0.8913 0.908 7 0.9030
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Table 6 Weight coefficients for different A

A w, w, Wi W, W
1.0 0.2000 0.2000 0.2000 0.2000 0.2000
1.2 0.278 6 0.2322 0.1935 0.1613 0.134 4
1.4 0.3509 0.2507 0.1791 0.1279 0.091 4
1.6 0.4145 0.2591 0.1619 0.1012 0.063 3
1.8 0.469 3 0.260 7 0.144 8 0.0805 0.044 7
2.0 0.5161 0.2581 0.1290 0.064 5 0.0323
2.2 0.5564 0.2528 0.1149 0.0522 0.0237
2.4 0.590 8 0.246 1 0.102 6 0.0427 0.017 8
2.6 0.6206 0.2387 0.0918 0.0353 0.0136
2.8 0.646 6 0.2309 0.0825 0.0295 0.0105
3.0 0. 669 4 0.223 1 0.074 4 0.024 8 0.008 3
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Table 7 Determination coefficients of machine learning for different A

i A

A

1.0 1.2 1.4 1.6 1.8

2.0 2.2 2.4 2.6 2.8 3.0

0.8854 0.8898 0.8925 0.8940
0.9687 0.9703 0.9714 0.9721
FELL2# 0.8848 0.8881 0.8899 0.8906
KAE2# 0.8946 0.8990 0.9020 0.9038
SEHE 0.9084 0.9118 0.9139 0.9151

LY 1#
K18 1#

0.894 8
0.9725
0.8909
0.904 8
0.9158

0.8952 0.8953 0.8953 0.8952 0.8950 0.8948
0.9728 0.9730 0.9730 0.9731 0.9730 0.9730
0.8908 0.8906 0.8903 0.8900 0.8897 0.8894
0.9054 0.9057 0.9057 0.9057 0.9055 0.9053
0.9161 0.9161 0.9161 0.9160 0.9158 0.9156
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