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Abstract

Water surface garbage pollution poses a significant threat to the ecological environment, and un-
manned boat grabbing offers a more efficient and environmentally friendly method for water sur-
face garbage cleanup. In the field of unmanned boat research, the precise detection of water sur-
face garbage is one of the core technologies. Traditional horizontal target detection has lower de-
tection accuracy and a higher rate of grabbing errors in complex environments with irregular
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target angles. To address this issue, this paper proposes a water surface garbage rotating target
detection model based on an improved YOLOv5. The model optimizes the detection head of the
YOLOv5 model to generate oriented detection boxes for water surface garbage at any angle. On
this basis, the paper further improves the performance of YOLOvS5 in water surface garbage detec-
tion from three aspects: proposing a dynamic smooth angle loss function to enhance angle predic-
tion capability; optimizing the backbone network by enhancing shallow features and introducing
attention mechanisms; and improving the feature aggregation network to enhance the effect of
multiscale feature fusion. Experimental results show that this method outperforms other deep
learning methods in the target detection performance of water surface garbage.
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Figure 1. Overall structure of model
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Figure 2. Gaussian function curves with different root-mean-square values
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Figure 3. GloU loss function
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Figure 4. The optimized BottleneckCSP module
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Figure 8. Results of rotating target detection of water garbage
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