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Multi-scene Garbage Image Classification Method Based on
Transfer Learning

PENG Zhi' ,LIU Yang' ,DU Yong-ping' ,CHANG Yan-qing’, HAN Hong-gui'
(1. Faculty of Information Technology ,Beijing University of Technology,Beijing 100124 ,China;
2. WELLE Environmental Group Co. ,Ltd,Changzhou 213000, China)

Abstract; Garbage classification and recycling is an important part of the resource recycling chain. Traditional classification depends on
the manual intervention mostly , which is inefficient, while image recognition technology based on neural network model is an important
strategy to realize intelligent classification and recycling with the advantages of high accuracy and good generalization performance. In re-
sponse to the diversity of domestic waste scenes and the lack of waste image datasets,a transfer learning method based on a pre—trained
ResNeXt101 model with ImageNet image dataset is proposed to solve the problem of classifying and recognizing four categories of
recyclable household garbage,such as glass and paper, and detecting whether impurity is mixed in the kitchen garbage under two different
image scenarios, including a single background and a complex background. The experimental results show that the garbage image
classification based on this model can achieve 87.42% accuracy in the complex background and 96.19% accuracy in the flat
background , achieving high accuracy in the identification and classification of recyclables,and efficient detection of impurities in kitchen
garbage , while further the training speed of the model is improved.
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