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Domestic Waste Detection Based on Improved YOLOv8 Model
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Abstract: With the progress of society and the gradual improvement of economic level, the amount of household waste is also increasing day
by day. The garbage sorting work faces challenges such as complex working environments and high physical requirements for workers. In order
to improve the sorting efficiency of household waste, an improved YOLOv8 household waste detection model is proposed, which strengthens
feature module fusion, introduces attention mechanism and loss function, and is suitable for the detection and classification of household
waste. Firstly, the Gatherand—Attribute mechanism in GOLD-YOLO has improved the feature fusion module. At the same time, the object de-
tection head of the attention mechanism was added to the model, and the CloU loss function was replaced with MPDIoU, thereby improving
the performance of the model in detecting household waste. After improving the algorithm structure, the training strategy was improved through
experimental data comparison. And it was validated on the household waste dataset. After two parts of improvement, the detection of household
waste mAP@0.5 was improved by 0.4%, mAP@0.5:0.95 was increased by 2.9%, and the efficiency of household waste detection was signifi-
cantly improved.
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