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Abstract

This paper proposes an improved U-Net model to enhance the segmentation performance of the oral
M region in pharyngeal swab images. To address the issues of redundant shallow features and insuf-
ficient edge sensitivity in traditional U-Net models, a recurrent residual module is introduced to en-
hance edge feature propagation. Additionally, an attention mechanism is incorporated to suppress
background noise and optimize the multi-scale feature fusion strategy. Experimental results demon-
strate that compared to the U-Net method used in previous studies, the improved model achieves
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increases of 3.8%, 2.1%, and 3.5% in Intersection over Union (IoU), Dice Similarity Coefficient (DSC),
and Pixel Accuracy (PA), respectively, which can enable precise segmentation of the low-contrast oral
Mregion in complex backgrounds, providing efficient visual support for pharyngeal swab sampling
robots and reducing the risks associated with manual sampling.
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Figure 1. Schematic diagram of improved U-Net model structure
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Figure 2. Visualization of segmentation results
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