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Abstract: Copper converter blowing is the key process of pyrometallurgical copper smelting. Its end point
judgment is closely related to furnace life, copper yield and direct yield. At present, the existing end point
judgment methods such as manual experience, instrument measurement and material balance method have
some limitations. Theoretically, the end point of copper converter slag blowing period is related to whether
Fe content in the slag meets the standard, and the slag samples with different Fe content show different
image features. In view of this, based on feature vector extraction principle of graphic recognition, the
prediction model of Fe content in copper converter slag during slag blowing period is constructed by using

convolution neural network (CNN) algorithm and support vector machine (SVM) algorithm respectively,
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It lays a digital and analog foundation for application of image recognition technology in judgment of

blowing end point of copper converter. The instance analysis of two models shows that the prediction

accuracy of training set of convolutional neural network is 98% , and the prediction accuracy of test set is

about 50% ; the prediction accuracy of training set of support vector machine model is 99% , and the

prediction accuracy of test set is 62%.

Key words: copper converter blowing; image recognition; convolutional neural network; support vector

machine; end point judgment
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Table 1 Mapping relationship between blowing slag

composition and its apparent characteristics
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Table 2 Sample information of converting slag

FEBS RN
A PG A

Fe Cu S Si0,
1 47. 68 3. 04 0. 26 20. 32
2 44.70 2.31 0.27 22.75
3 16. 85 2.53 0.22 21. 87
4 50. 23 2. 04 0. 30 22.79
45 = 50. 51 2.01 0.32 23.53

L
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Fig. 1 CNN network structure diagram of converting slag image

feature extraction and Fe content prediction
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Fig. 2 feature extraction of converting slag

image based on CNN and its

Fe content prediction model
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Fig. 3 Feature extraction of converting slag image

and SVM prediction model of slag Fe content
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Fig. 5 Prediction results of convolutional neural network
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Table 3 Comparison between predicted value and actual value of convolution neural network model

BEAS  Fe §HSNMH/%  Fe HaBUNME/ Y% MXRE X BAS  Fe §wSME/ %  Fe HaBNME/ % HXMREIN
1 18.37 18.20 0. 35 16 50. 56 18.27 4.53
2 49.78 49. 48 0. 60 17 50. 14 46. 63 7.00
3 49. 81 49. 54 0.55 18 49.19 45. 84 6. 81
4 50. 56 48. 89 3.31 19 14.63 19.18 10. 20
5 50. 14 49. 27 1.74 20 18.9 50. 31 2.87
6 49.19 44. 88 8.77 21 46. 74 48. 60 3.97
7 44. 63 47.05 5.41 22 45. 85 19.93 8. 91
8 48. 90 48.70 0. 41 23 47. 33 44. 92 5. 10
9 46. 74 19. 06 4.96 24 47.58 48. 87 2.70
10 45. 85 50. 75 10. 6 25 48. 37 16. 35 1.18
1 47.33 16. 02 2.78 26 19.78 49.73 0. 10
12 47. 58 49. 95 4.97 27 19. 81 48. 38 2. 86
13 48. 37 48. 33 0.08 28 50. 56 47. 34 6. 37
14 19.78 49. 26 1.05 29 50. 14 47.53 5. 21
15 19. 81 19. 52 0. 58 30 19.19 46. 40 5. 66
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Fig. 6 Experimental results of SVM based prediction mode
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Table 4 Comparison between predicted value and actual value of Fe content of support vector machine/ %

b Fe it Fe frfit HIxf e Fe #rht Fe #r kit Hixt
S/ % WML/ % 9%/ % SEWAE % W/ % (%
1 47. 37 48. 15 1. 65 16 49.78 49. 31 0. 94
2 48. 25 48. 49 0. 50 17 49. 99 49.71 0.56
3 47. 33 47.59 0.55 18 49. 84 49. 17 1. 35
4 46. 85 47.83 2.08 19 49. 81 49. 49 0. 64
5 46.5 46.73 0.49 20 49.93 49. 32 1.22
6 47.58 47. 87 0.62 21 49. 89 48. 80 2.18
7 48. 44 48. 37 0.15 22 49. 19 49. 65 0.93
8 50. 31 49. 74 1.13 23 49. 47 48. 89 1.17
9 51.29 48. 65 5.14 24 49. 82 49. 33 0.99
10 50. 89 49.93 1. 88 25 48. 87 48. 90 0. 06
11 48. 83 48. 89 0.12 26 49. 81 48.99 1. 65
12 48. 37 48.71 0.71 27 49. 81 48.73 2.17
13 48. 51 48. 36 0. 31 28 49. 37 48.72 1. 31
14 49. 85 48. 05 3.61 29 50. 56 49. 00 3.09
15 49.61 48.92 1. 38 30 50. 14 49. 10 2.07
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