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Garbage classification method based on YOLOvS and transfer learning
DU Jun

(School of Mathematics and Information Engineering, Longdong University, Qingyang 745000, Gansu, China)

Abstract: Garbage classification plays a vital role in effective waste management, promoting recycling, and reducing
environmental pollution. This paper proposes a method of using the YOLOVS image classification model for garbage classification.
It combines transfer learning and data enhancement methods to train the YOLOvV8 model on the Huawei garbage classification data
set. The experimental results show that the YOLOvVS image classification model based on ImageNet is used for transfer learning on
the Huawei garbage dataset, the convergence speed is fast, and the classification accuracy reaches 89.79%. After data enhancement
on the Huawei garbage dataset, the classification accuracy is further improved to 91. 02% using transfer learning method training.
The model integrated into garbage sorting and recycling equipment can improve the efficiency of garbage sorting and recycling and
reduce the cost of recycling.
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Fig. 1 YOLOVS detection model structure
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Fig. 2 YOLOVS classification model
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Fig. 3 Data enhancement of the orginal image
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Table 1 Number distribution statistics of category images in Huawei Garbage dataset
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YOLOv8s—cls +TF 87.71 97.78 0.35 6.4 13.5
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