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Intelligent Segmentation Model of Scheelite Belt in Gravity Separation
Shaking Table Based on Machine Vision
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Abstract: At present, there are some problems in the process of gravity separation shaking table beneficiation,
such as low efficiency and high cost of manual identification of ore belts, as well as large number of parameters
and insufficient accuracy of existing segmentation models. This study addresses these challenges by developing
a model that is both computationally efficient and highly accurate for the segmentation of scheelite zones under
ultraviolet light, a condition that enhances the natural fluorescence of the target mineral. Central to this research
is a significantly enhanced DeepLabV3+ model, which integrates several critical architectural modifications.
Initially, the computationally intensive Xception backbone was substituted with the more efficient MobileNetV3
network, which was further enhanced by integrating an efficient channel attention module. This modification
aimed to reduce the parameter count while enhancing feature representation. Subsequently, the encoder’s atrous
spatial pyramid pooling module was restructured into a DenseASPP configuration. This redesign incorporated
additional atrous convolutional branches to establish a more continuous range of receptive fields, thereby
facilitating superior multi-scale feature extraction from mineral bands of varying widths. Furthermore, the
decoder was augmented with a convolutional block attention module to highlight discriminative features and
suppress noise, complemented by deformable convolutions to accommodate the irregular shapes and boundaries
of the mineral zones. The model was trained and evaluated on a custom-developed dataset of ultraviolet-lit
scheelite images, which was expanded using data augmentation techniques. A series of ablation studies
confirmed the contribution of each proposed enhancement. In comparative experiments, the final model
exhibited superior performance, achieving a Dice coefficient of 93.89%, a mean intersection over union of
91.97%, and an mAP@50:95 of 81.04%. The study demonstrates that the proposed model achieves a high level
of accuracy with a notably reduced model size of 18.32 million parameters and a computational cost of 33.50
GFLOPs. This indicates an optimal balance between precision and efficiency, making it well-suited for
industrial applications. The research conclusively shows that the model effectively fulfills the dual requirements
of high accuracy and a lightweight architecture for segmenting shaking table mineral zones. By incorporating
specific advancements in network architecture, the model offers a robust technical foundation for automating
shaking table control systems. This development has the potential to significantly improve beneficiation
efficiency and consistency, marking a substantial advancement in intelligent mineral processing. Future research
will focus on further validating the model’ s generalization capabilities across a broader range of industrial
operating scenarios.

Key words: mineral processing shaking table; machine learning; gravity separation; semantic segmentation;

image processing; ore belt detection
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