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Abstract

The sorting of daily household garbage is a difficult problem that troubles people. There are many
kinds of household garbage and the environment is complicated. In order to sort domestic waste
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accurately, a YOLOv8 domestic waste detection algorithm based on GAM attention mechanism was
proposed. Based on the excellent target detection of YOLOvVS, this algorithm adds GAM attention
mechanism to enhance the network’s ability to pay attention to important channel feature infor-
mation and improve the extraction ability of image feature semantic information in high-level net-
works. Experiments show that in more than 40 types of domestic waste detection tests, the aver-
age accuracy of the improved YOLOv8 algorithm mAP is 84.5%, which is 0.7% higher than that of
the original YOLOv8 algorithm. Therefore, the improved YOLOv8 algorithm can help people to clas-
sify garbage quickly and accurately through the analysis and recognition of garbage images. It can
meet the requirement of detecting precision of domestic waste.
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Figure 1. YOLOvV8 Network structure
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Figure 2. GAM attention mechanism
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Figure 3. GAM-YOLOvV8 Network structure
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Figure 4. Domestic waste data set
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Table 1. Performance comparison of YOLOv8 model before and after improvement
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YOLOVS [6] 86.49 79.54 83.83
GAM-YOLOVS 89.36 83.46 84.53
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Figure 5. Comparison of simple scene results
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Figure 6. Comparison of complex scene results
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