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Fig. 1 Topology of neural network architecture with n-n-x-1

neurons
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Fig. 2 Calculation procedure of neural network prediction model
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Table 1 Data in training process
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Temperature/ Time/ Liquid to solid/ Stirring speed/ Hydrochloric acid Leaching rate of
T h (mL-g ™) (r'min”") concentration/(mol-L™") antimony/%
85 1 10 300 4 48.17
85 5 8 300 4 84.73
85 3 10 500 3 85.06
85 4 10 300 3 83.75
85 3 10 300 4 76.75
85 1 10 300 3 46.25
85 5 10 300 1 12.03
85 1 10 500 3 58.32
85 4 10 900 3 90.93
85 5 10 300 3 90.50
85 3 10 300 2 51.19
45 2 10 300 4 25.87
85 3 10 300 1 10.75
85 2 10 300 4 64.25
85 4 12 300 4 91.08
85 1 10 300 2 36.75
85 2 10 300 1 10.24
85 1 12 300 4 59.07
85 1 6 300 4 44.14
85 5 10 900 3 93.75
85 1 10 900 3 74.21
85 1 10 300 4 47.25
65 1 10 300 4 31.37
85 2 10 900 3 88.00
85 3 12 300 4 87.78

To be continued
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Continued
25 1 10 300 4 14.89
85 2 8 300 4 63.65
65 3 10 300 4 50.15
25 2 10 300 4 17.08
85 5 10 300 4 93.06
65 4 10 300 4 56.32
85 5 12 300 4 93.58
85 4 10 300 4 86.25
65 5 10 300 4 67.44
45 4 10 300 4 32.46
85 1 10 700 3 63.53
45 5 10 300 4 37.83
85 3 6 300 4 65.57
85 5 6 300 4 76.00
85 4 10 300 1 11.01
85 4 10 500 3 89.96
85 5 10 300 4 93.06
85 2 10 500 3 72.67
45 1 10 300 4 20.01
85 2 10 300 4 66.20
85 5 10 500 3 93.24
85 2 10 700 3 74.61
85 4 10 700 3 91.48
85 5 10 300 2 66.25
85 5 6 300 4 76.00
25 3 10 300 4 19.04
85 3 8 300 4 74.39
F2 BT SR
Table 2 Data in validation process
No. Temperature/ Time/ Liquid to folid/ Stirring s13eed/ Hydrochloric acidi Leaching rate of
C h (mL-g ™" (r'min") concentration/(mol-L™") antimony/%
1 85 1 10 300 3 46.25
2 85 5 10 300 3 90.50
3 85 4 10 300 4 86.25
4 85 2 10 300 2 49.00
5 85 2 10 300 3 64.25
6 65 2 10 300 4 42.98
7 85 2 12 300 4 76.89
8 85 2 6 300 4 65.14
9 85 4 10 300 2 59.25
10 85 5 10 300 4 93.06
11 85 1 10 300 1 10.24
12 85 3 10 900 3 90.64
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Table 3 Data in test process
No. Temp:arature/ Time/ Liquid to iolid/ Stirring. sgeed/ Hydrochloric aCid,, Leacl?ing rate of
C h (mL-g ) (rmin ') concentration/(mol-L ) antimony/%

1 85 4 8 300 4 80.83

2 25 5 10 300 4 21.96

3 85 5 10 700 3 93.55

4 45 3 10 300 4 30.26

5 85 3 10 300 4 78.06

6 85 2 10 300 4 66.20

7 85 4 10 300 3 83.75

8 85 3 10 300 3 76.75

9 85 3 10 300 4 78.06

10 85 3 10 700 3 85.26

11 85 1 10 300 4 48.17

12 25 4 10 300 4 20.26
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Fig. 4 Final architecture of neural network prediction model of 5-8-1 type
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Fig. 5 Parity plot for leaching efficiency of Sb in training set
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Fig. 6 Parity plot for leaching efficiency of Sb in validation
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Fig. 7 Parity plot for leaching efficiency of Sb in testing set
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Table 4 Weights of adopted BPNN
74} w,
Variable
Neuron X x X X X Bias Neuron Weight
1 0.8683 -1.2092 —0.0266 —0.2831 0.4579 -3.1879 1 0.6419
2 -0.1772 1.3202 1.2810 —2.4246 0.6111 1.9200 2 0.2808
3 1.4188 0.2760 0.4562 0.1042 1.2171 —1.8009 3 0.6425
4 —2.1459 —0.5440 1.9692 —1.8393 0.9334 —0.7417 4 0.1805
5 —0.5848 —0.7004 —1.6586 1.2321 3.6125 —1.0019 5 0.2626
6 0.0294 1.9942 —0.6189 0.1712 2.5689 0.4637 6 0.1308
7 —1.2530 —0.0003 —1.1882 1.4124 —0.2126 —1.8294 7 0.7522
8 1.3704 —0.0844 1.0198 1.3138 1.9978 1.7765 8 1.0862
Bias 0.2738
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Table 5 Relative importance of input variables on efficiency
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Prediction for oxidation leaching behavior of antimony containing
sulfide ore based on artificial neural network model

TIAN Qing-hua" >3, HONG Jian-bang', XIN Yun-tao', GUO Xue-yi"*?

(1. School of Metallurgy and Environment, Central South University, Changsha 410083, China;
2. Hunan Key Laboratory of Nonferrous Metal Resources Recycling, Changsha 410083, China;
3. Hunan Engineering Research Center of Nonferrous Metal Resources Recycling, Changsha 410083, China)

Abstract: The leaching rate of antimony is an important index for the treatment of antimony sulfide ore. It is very
important to obtain better leaching rate through conditional control in the process of oxidation leaching. In order to
simulate and predict the oxidation leaching process of antimony containing sulfide ore, BP Neural network model was
used to simulate the leaching process of antimony, and a 5-8-1 type model was established. The neural network model
could predict the leaching efficiency of antimony in the process exactly, the correlation coefficient between experimental
data and predicted data could reach 99%. According to the weights of inputs in the neural network model, the
importances of different impacts are in the descending order: HCI concentration, temperature, stirring speed, liquid to
solid ratio, time.

Key words: BP neural network model; leaching process of antimony; prediction; correlation coefficient; relative

importance
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