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Research on the Extraction of Separation Point Positions for Shaking Table
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Abstract: The existing object detection algorithms for shaking table concentrate bands have problems such as inability to balance
detection accuracy and speed, high computational costs, difficulty in compressing model size, and slow inference speed. To
address these problems, a lightweight fusion network for shaking tables (YC-Lightweight Net) object detection algorithm was
proposed. The YC-Lightweight Net model firstly used a repetitive visual transformation network to extract features from the
images of shaking table sub-banding. Then, by introducing group space convolution. multi-scale efficient cross stage fusion
modules, and using skip connections, an efficient and lightweight neck network was designed. Finally, a weight based layer
adaptive pruning algorithm was used to compress the model size. The experimental results show that the accuracy, recall, mean
average precision, and FPS indicators of the YC-Lightweight Net model are 98.4%, 97.9%., 98.8% and 333 frame/s,
respectively. The detection accuracy and speed are significantly better than those of the compared models. The number of
parameters, floating-point operations, and model size after pruning are 13.9%, 15.4% and 17.5% of the original model,
respectively. The pruning operation greatly reduces the computational complexity and model size of the model. The YC-
Lightweight Net model has good detection accuracy and real-time performance, meeting the requirements of industrial
equipment for lightweight models in shaking table mineral processing plants. The study can provide a technical support for
accurate identification of separation points in mineral bands and intelligent upgrading of the shaking table mineral processing
plant equipment.
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Fig.1 Schematic of YC-Lightweight Net architecture
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Fig.3 Architecture of GSConv
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Fig.4 Architecture of VOVGSCSP module
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Fig.5 Architecture of lightweight detection head
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Fig.6 The image of shaking table surface sub-banding
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Table 1 Parameter settings for model training
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Table 2 Detection accuracy and speed indices of models
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SSD 86.0 81.0 81.0 41
YC-Lightweight Net 98.4 97.9 98.8 333

YC-Lightweight Net (3§48  98.3 96.6 96.7 357
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Table 3 Computational complexity indices of models
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Fig.7 Detection performance of the YC-Lightweight-Net (after pruning) model
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