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Coal flotation froth segmentation algorithm based on CMI-UNet
GAI Wendong' , WANG Ning', ZHANG Jing', LI Lin’
(1. College of Electrical and Automation. Shandong University of Science and Technology, Qingdao 266590, Chinaj;
2. College of Energy and Mining Engineering, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract: Flotation froth edge segmentation is a key technology for the prediction and optimization of the core
process parameters in coal preparation plants. It is significant to the intelligent construction of the coal flotation.
So far, the segmentation algorithms based on U-Net still have the following problems: the semantic gap existing
between the high-level semantic features and underlying information features, and semantic ambiguity due to
simple splicing. This study proposed a new coal flotation froth segmentation algorithm based on CMI-UNet. By
incorporating the channel cross fusion transformer (CCFT) module, multi-resolution fusion (MRF) module and
information bottleneck (IB) module based on U-Net, this network effectively bridges the potential semantic
ambiguities, enhances the ability of feature expression, and strengthens its capacity to capture and express
complex multiscale information. The experimental results on self-built dataset show that the proposed CMI-UNet
segmentation algorithm has a better segmentation effect on coal flotation froth.
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