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Garbage identification, classification and detection method based on GAICNet

ZHANG Tao
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[ Abstract] With the rapid development of social economy and the continuous improvement of human living standards, the types
and quantity of waste are also greatly increasing . In order to effectively improve the recycling rate of waste resources and the
intelligent level of waste classification, an intelligent waste identification, classification and detection network based on GAICNet is
proposed in this paper. Using the data set published by Huawei cloud artificial intelligence competition, the training set is labeled
with Labellmage software. Then, in order to expand the training data and strengthen the generalization ability of network model to
ordinary data sets, a universal nonlinear curve mapping image enhancement method is designed. Therefore, a garbage identification
and classification network ( GAICNet) with global perceptual feature aggregation module and a new core self attention mechanism is
constructed. The lightweight network takes ResNetl18 as the backbone network for multi—level feature extraction. The experiment
shows that the detection accuracy of the algorithm in the existing complex actual scene garbage classification can reach 97.3%,
which has high practical value and market prospect.
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Fig. 1 Non-linear curve mapping image enhancement model
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