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[ Abstract] Aiming at the problem of difficult recognition of Chinese food dishes in the field of food image recognition, a method
for recognizing Chinese food dish names and raw materials combining transfer learning and Inception - V3 model is proposed to
realize the recognition of Chinese food dish names and raw materials. This method trains the bottleneck layer on the basis of the pre
—trained model and adds a new fully connected layer to complete the classification of food image labels for the Chinese food dish
database VIREO Food-172 containing 172 kinds of food. Experiments show that when the number of generations is 50000, the
recognition rate of dish name recognition reaches 70.85%, and the recognition rate of raw materials reaches 56.26%. At the same
time, the model is lightly compressed, and the design of a Chinese dish recognition APP with the help of mobile terminal

architecture is the follow—up Research direction.
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Fig. 1 Chinese food dish label classification model based on Inception—V3 and transfer learning
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Tab. 1 Experimental test environment configuration
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Fig. 3 Sample VIREO Food—-172 data set
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Fig. 4 Part Chinese food dish names and raw material classification results
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