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Abstract: In the unmanned settlement service of supermarkets, the cost of using electronic tags to settle some goods such as fruits
and vegetables is too high and the convenience is not high, and manual settlement is still used so far. To address this problem, this
paper proposes a food recognition method based on convolutional neural network. A self —built fruit dataset is used to train a
convolutional neural network classification model; a visualization platform is constructed based on the trained model for food

recognition. The experimental results show that the prediction accuracy of food recognition using convolutional neural network is

96.34%.
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Fig. 1 Flowchart of deep separable convolution operation
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Fig. 3 Model training round 10 evaluation chart
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Fig. 4 Model training round 50 evaluation
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Fig. 5 Example diagram of live motion camera recognition
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