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Abstract: Aimin oblems of poor classification efficiency and high labor intensity in the process of

manual sorting of dom bage, this paper proposes a lightweight domestic garbage image classification model DG-
MobileNetV2 based on MobileNetV2. By introducing dual-scale depthwise convolution module, channel shuffle technology
and adjusting the width factor, the parameter numbers of the model is compressed and the classification accuracy is
improved. The experiment results shows that the parameter numbers of DG-MobileNetV2 is only 0.403 M(In the paper,
1 M=1,000,000), and its classification accuracy rate on domestic garbage classification dataset released by Huawei
Technologies Co., Ltd. reaches 90.58%, which shows a good classification effect. Subsequently, the lightweight model can be
transplanted to mobile terminals or embedded devices, providing new ideas and approaches for intelligent domestic garbage
classification.
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Tab.3 Experiment of width factor adjustment
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