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[ Abstract] With the continuous improvement of people s living standards and consumption levels, the garbage problem is
becoming increasingly serious. Aiming at error—prone and low—accuracy problems in garbage classification, this paper proposes an
improved ResNet-50 recognition algorithm. Firstly, the image is pre—processed by two-dimensional Gamma function; then, the
Leaky ReLU activation function is used, and the positions of the activation function and BatchNormalize layer are placed before the
convolution operation of the convolution neural network to optimize the ResNet— 50 network structure. Finally, four types of
common garbage are collected for training and testing to obtain the optimal network model. The experimental results show that the
accuracy of the model reaches 99% and the recognition effect is better. It provides a theoretical basis for creating a co—construction
and sharing atmosphere, realizing rapid and effective waste classification, and promoting a green lifestyle.
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Fig. 1 Tmages pre—processing design
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Fig. 2 Images pre—processing process
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Fig. 4 Optimized ResNet—50 network structure diagram
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Fig. 5 Images of part of the dataset
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Fig. 6 Loss value and accuracy of training set and test set
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