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Combination forecasting of sintered ore alkalinity based on

grey neural network
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Abstract: To predict the alkalinity of sintered ore accurately in sintered process, a combination grey neural network
forecasting model of grey neural network is proposed by combining the grey model GM(1, 1) with BP (Back Propagation)
neural network. Ten factors relating with the sintered ore alkalinity are selected as the input variables. These variables are
estimated on grey model GM(1, 1) respectively and the alkalinity of sintered ore is forecasted on BP neural network based

on all of these estimated data. The results of simulation show that the relative error is less than 0.005%.
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Structural diagram of grey neural network
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Fig.2 Forecasting error curve of grey neural network
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1 1.7602 1.6911 -3.9257 17595  -0.039768  1.7599  -0.017044
2 1.7421 1.6552 -4.9883 17365  -0.32145 1.7419  -0.011480
3 1.7381 1.8204 47351 1.7408 0.15534 17375  -0.034520
4 1.7142 1.8168 5.9853 17124 -0.10501 1.7142 0
5 1.7289 1.8131 4.8701 1.7298  0.052056 1.7288  —0.0057840
6 1.7232 1.8065 4.8340 1.725 0.10446 1.7231  -0.0058032
7 1.7164 1.8057 5.2027 1.7212 0.27966 1.7165  0.0058261
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