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An Automatic Detection and Classification Method for Municipal Solid Waste Based on an
Improved Faster R-CNN

Jiang Chenxi, Wang Su, Li Yuanjin, Luo Tingfang

Southwest Forestry University, China Yunnan Kunming 650224

Abstract: Automatic identification of household waste is a key technology for solving the "garbage siege" dilemma and
improving resource recycling efficiency. Existing research mostly relies on manual features or standard images, lacking
robustness in handling waste in natural scenes. This paper draws on the deep learning framework for automatic butterfly
species identification and proposes an improved Faster R-CNN-based automatic waste detection and classification
system. A dataset containing 4,270 waste images (covering recyclables, hazardous waste, kitchen waste, and other
waste) is constructed, and nine data augmentation techniques, including flipping and rotation, are used to expand the
sample. The model combines a Feature Pyramid Network (FPN) and deformable convolution to enhance its adaptability
to waste deformation and occlusion. Experimental results show that the mean average precision (mAP) on the test set
reaches 91.53%, proving that the system can simultaneously locate and classify waste, providing an automated solution
for smart cities.

Keywords: Waste detection; Waste sorting; Deep learning; Faster R-CNN; Fine-grained classification; mAP
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