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Research on Water Body Garbage Detection Method Based on Transformer
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Abstract: The pollution of water body garbage can lead to the spread of infectious diseases and impact public health. Additionally, accumulated
garbage can pose a threat to navigation safety. The object detection models based on Transformer possess enhanced capabilities for global infor-
mation modeling and multi-scale adaptability. Addressing the issue of water body garbage detection, we used the CNN model PP-YOLOE, the
Transformer models DETR, Deformable DETR and RT-DETR to detect water garbage, and compared and analyzed the abilities of CNN model
and three Transformer models in garbage detection. The comparison reveals that the CNN model PP-YOLOE performs better than DETR, is
slightly inferior to Deformable DETR, and RT-DETR achieves the best detection results. On the experimental dataset, RT-DETR achieves an
APS50 of 0.884, which is a 7-point improvement over PP-YOLOE.
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