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Prediction method of flotation concentrate grade based on deep learning
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(1. BGRIMM Machinery and Automation Technology Co. Ltd. , Beijing 100160, China;
2. BGRIMM Technology Group, Beijing 100160, China)

Abstract: The pulp grade is one of the key parameters in the flotation process, which plays a key role in
guiding production, saving chemicals, controlling product quality and improving recovery. In order to
predict the flotation concentrate grade online and solve the problem of the detection lag of the fluorescence
analyzer, a deep learning-based online prediction model of concentrate grade without subjective extraction
of features is developed. The value and tailings grade value are input, and the output concentrate grade
value is a regression problem. Comparing the differences in the prediction results when the backbone
network is VGG-16, ResNet-50 and MobileNet-V2, the experimental results show that VGG-16 has the
best prediction accuracy and robustness, with an average prediction accuracy of 12. 48 %.
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Fig. 1 Deep learning model training process
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Fig. 2 Flotation froth image acquisition instrument
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Fig. 3 Image coverage
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Fig. 4 Deep learning model and numerical information processing
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Table 1 Data Analysis of concentrate grade prediction results
LAY K o iR 2% ¥y 2 Ryt AL RREME /N EAE T 2 AH ST XTI ARG B/ %6
VGG-16 0.030 9 0.001 8 0.843 1 0.2131 0. 000 0 0. 000 5 12. 48
Res Net-50 0.039 5 0.003 3 0.7137 0.288 3 0. 000 0 —0.016 7 16. 38
Mobile Net-V2 0.077 3 0.009 0 0.220 0 0.295 3 0.000 0 0.021 3 32.56
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