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Abstract: Because the sintering process has complex and high-dimensional process variables and
many uncertain factors, it is difficult for a single feature selection method to effectively select the
best feature set, which affects the prediction accuracy of the model. Therefore, a prediction
model of attention mechanism-based bidirectional gated recurrent unit model (BiGRU-Att) sinter
drum index based on hybrid feature selection was proposed. Firstly, the maximum information
coefficient (MIC) was used to select candidate features from the original feature set. Then, the
feature selection method based on simultaneous perturbation stochastic approximation (SPSA-
FS) was used to further optimize the candidate feature set. Finally, the best feature set was used
as the input of BIGRU-Att to predict the sinter drum index. The results of comparative analysis
with multiple models and single feature selection methods show that the hybrid feature selection
method proposed in this paper can select the best feature set, and the established model has higher
prediction accuracy, providing reliable decision-making support for the sintering process.
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Table 1 Main parameters of sintering process
SRR ST ZH e G S8
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12 [R5 3 /(r - h ") 13 JUSREE /(- h ™)
BIESHL 14 PeLEHLE EE/(m - min ™) 15 RUKIRBE/PC
16 S W R/(m? - h ™) 17 KA /(m* -1 ™)
18 [REGBERTY AN 19 T 15 171 7 /kPa
RESHL 20 JCARE L /°C 21 ALK& 11 % /kPa
22~35 144 RUAR I <R °C 36~49 147~ XA 11 = /kPa

fith 24 50

BB AR B %

R2 RERBBEEMER

Table 2 Basic information of raw sintering data

Py
Akt e o ;*@/(t )ﬁ . o i R %
YIE 30. 184 9. 768 87.730 96. 827 77. 167

e/ MH 11.913 0. 000 0. 000 50. 144 74. 600
25% 27.499 7.632 62. 800 90. 742 76. 900
50% 30. 038 9. 875 79. 648 97. 459 77.200
75% 32.780 12. 677 124.238 103. 985 77. 400

SN 48.753 24.248 305. 117 144.376 79. 400

3500 [ SIS 5 IE 5 B0 2 0 P I TR 4
3000

2500 I R
«— kR

& 2000
1500 |
1000 |

500 --z- — 1 U5 H(Q3)

0 : «— 17 (MD)
75 76 77 78 79 IQ
HBHEEU%

1 REW BREIREUIHE A E === +— T Ai3(Q1)

Fig. 1 Frequency histogram of sinter drum index
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Fig. 3 Flow chart of hybrid feature selection method
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Fig. 7 Prediction results of sinter drum index
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