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Abstract: The drum strength of sinter is one of the important indicators reflecting the quality of sinter during the sintering
process and its accurate prediction can improve the control accuracy and efficiency of the production process and reduce
the production cost and resource waste. However in actual production there are some difficulties in predicting the drum
strength of sinter such as limited data volume and poor data quality. Therefore in order to improve the prediction accuracy

the Generative Adversarial Network ( GAN) is used to augment the original dataset to solve the problem of limited data
volume. Then the Echo State Network ( ESN) optimized by Sparrow Search Algorithm ( SSA) is used to construct the
prediction model. Compared with traditional neural networks ESN has better stability and generalization ability and can
quickly train and adapt to new data. The prediction accuracy and efficiency of the model are verified by experiments and
compared with other prediction algorithms. The results show that the expanded dataset and ESN model can significantly

improve the prediction accuracy and the mean absolute percentage error is reduced from 1.41% to 1. 06%.
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Table 1 Sample input of feature parameter

w( Si0,) /% 4.68 ~6.05
w( Ca0) /% 9.86 ~13.94
w( ALO,) /% 1.59 ~2.86
w( MgO) /% 1.79 ~2.76
w( H,0) /% 7.00 ~8.00
w( ) 1% 3.80 ~5.00
/kPa 11.40 ~ 16. 20
/( memin~") 15.82 ~24. 83
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Fig.1 Network structure of GAN
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Table 2 Network Model Parameters
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Table 3 Sample input amplification of feature parameter
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w( Si0,) 1% 3.6 ~6.67
w( Ca0) /% 8.42 ~15.42
w( ALO,) /% 115 ~3.12
w( MgO) /% 1.34 ~2.96
w( H,0) /% 6.00 ~9.10
w( ) /% 3.14 ~5.90
/kPa 10.19 ~18.74
/( memin”") 13.58 ~27.31
1% 57.42 ~78.94
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Table 5 Prediction results of test samples of different
algorithm models
Syiak Syiare
BPNN 1. 156 1.73
= 2 ( )i CNN 0. 842 1.30
= ( ) o ESN 0. 699 1.06
4
Fig. 4 Comparison of predicted value before
amplification and actual value
4
1— ;22— ( BPNN); 3— (CNN) ,
5
. Fig. 5 Comparison between the predicted value of each
algorithm and the actual value
4
0. 699
1.06% .
1—BPNN; 2—CNN; 3—ESN.
6
4 Fig. 6 Prediction error value of each algorithm
Table 4 Comparison of prediction performance before 6
and after amplification ESN
Sy Syape : BPNN CNN
0.923 1.41 ESN

0. 699 1. 06
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Fig.7 Comparison of actual and predicted values
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