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Identification Method of Froth Conditions in the Multi-Cell of Coal Slime Flotation Based on 3D Point Cloud Data
LI Pinyu, WANG Ranfeng , FU Xiang , LIU Yang, ZHANG Changming » QIN Xinkai, DOU Zhiheng
(College of Mining Engineering, Taiyuan University of Technology, Taiyuan, Shanxi 030024, China)

Abstract: Aiming at the problems of spatial information loss in traditional 2D images and the one-sidedness of single-cell data
during the identification of coal slime flotation froth, a multi-cell feature fusion method based on 3D point cloud data was
proposed. The Percipio Infrared Binocular FM855-E1 industrial camera was used to collect the 3D point cloud data of the froth
surfaces from each flotation cell. Preprocessing and data augmentation techniques were adopted to optimize the dataset. A
PointNet network with non-shared weights was utilized to extract the high-dimensional features of each cell. After
dimensionality reduction by a multi-layer perceptron, these features were fused into multi-cell forth features through a
concatenation function. Finally, the working condition categories were determined by a combination of a multi-layer perceptron
and the Softmax function. The experimental results show that the classification accuracy of the multi-cell network reaches
94.89% , which is higher than other networks, the loss value is reduced to 0.216 9, with excellent robustness and generalization
ability. It is proved that the multi-cell forth feature fusion method can significantly improve the recognition accuracy of flotation
conditions, and provide a high-reliability three-dimensional visual solution for the intelligent flotation of coal slime.
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Fig.1 Acquisition system for froth point cloud data
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Fig.2 Network structure of multi-cell flotation foam classification based on 3D point cloud data
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Fig.3 Network structure of flotation froth feature extraction module f, based on PointNet network
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Fig.4 Network structure of feature projection module g,
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