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Abstract: Aiming at the problem that unlabeled samples cannot be utilized by machine learning
due to the low detection frequency of sinter chemical indexes, a prediction model for sinter
chemical indexes that makes full use of the useful information in the samples is proposed. Firstly,
the unlabeled samples are transformed into labeled samples by combining Gaussian mixture
model (GMM) and K-nearest neighbor (KNN) algorithm, and then combined with long short-
term memory (LSTM) unit for predicting three chemical indexes, namely, total Fe mass fraction,
FeO mass fraction, and alkalinity of sinter. By comparing with the three models of back
propagation neural network (BPNN) , recurrent neural network (RNN) , and LSTM, the results
show that the proposed model has a low prediction error. The prediction hit rates of total Fe mass
fraction and FeO mass fraction reach 98. 73% and 95. 33%, respectively within the allowable
error of £0. 5%, and the prediction hit rate of alkalinity is 98. 13% within the allowable error of
+0. 05, demonstrating high prediction accuracy.

Key words: chemical indexes of sinter; prediction model; unlabeled samples processing
algorithm; LSTM (long short-term memory) ; data preprocessing
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Table 1 Main parameters of sinter process
28 Fe AN HAf
1 FRH t/h
2 NN t/h
— 3 %ﬁ t/h
4 Bk t/h
5 BessiR t/h
6 R t/h
7 AVER BT A 44K %
8 AEA B B %
RA R 9 AL BT i 5B %
10 TAARRE TR %
11 IR BT 1AL %
12 (B3] R t/h
13 JUR% t/h
14 fa gt HLE i m/min
PRAE ;
15 RUKIREE °C
16 P m’/h
17 KB m’/h
18 [EIRBEN TS5 S °C
19 B U kPa
ren 20 ACAH A B °C
21 At U kPa
22~35 JRVHE B Sl °C
36~49 WA 7 kPa
50 RS EVER T 1k 53 A %
fe2edebs 51 LR FeO /041 %
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Fig. 4 Detection results of outliers by box plot
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Table 2 MIC values and their mean values of three chemical indexes in sintering process
MIC {8 MIC{H
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Table 3 Comparison of prediction performance of
total Fe mass fraction with different models

LAY MSE MAE RMSE
BPNN 0. 083 0.2153  0.2877
RNN 0. 063 0.1867 0.2506
LSTM 0. 056 0.1691 0.2374
GMM-KNN-LSTM ~ 0.0175 0.0891 0.1322
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Table 4 Comparison of prediction performance of
FeO mass fraction with different models

el MSE MAE RMSE
BPNN 0.2125 0.3463  0.4610
RNN 0.1617 0.3000 0.4021
LSTM 0.1489 0.2755 0.3858
GMM-KNN-LSTM  0.0347 0.1283  0.1864
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Table 5 Comparison of prediction performance of
alkalinity with different models

TRy MSE MAE RMSE
BPNN 0.0011 0.0246 0.0325
RNN 0.0008 0.0214 0.0287
LSTM 0.0007 0.0197 0.0277
GMM-KNN-LSTM  0.0001  0.0090 0.013 6
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