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[ Abstract] With the rapid development of social networks, people usually upload, share and record food images, so the
application value of food image classification is also increasing, which has a positive impact on food recommendation, nutrition
collocation, cooking culture and so on. Although food image classification has great application potential, it is still a challenging task
to recognize food from images. In order to solve the problem of fine—grained food recognition, this paper proposes a food image
classification model based on self supervised preprocessing, which can learn food image features to a higher degree through self
supervised learning. The model is based on DenseFood, a food image classification model based on dense connected network. The
self—monitoring strategy of context recovery is adopted. The trained network weight is used to initialize DenseFood model, and fine
—tuned trained to complete the classification task. The self—monitoring strategy of context recovery and dense connection convolution
network are both focused on the extraction of image features. The research combines them to fully learn the food image features to
achieve better classification accuracy of food image. In order to compare the performance, VIREO-172 data set is used to train four
food image classification models: self supervised preprocessing based food image classification model, non preprocessed food image
classification model densefood, and ImageNet data set based training preprocessing DenseNet and ResNet. The experimental results
show that the proposed food image classification model is superior to other strategies.
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Fig. 1 The appearances of different kinds of food are very similar
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Fig. 2 The appearances of the same kind of food are extremely

different
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Fig. 3 Image disorder pseudo code
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Fig. 5 Self monitoring preprocessing based on context recovery
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Fig. 7 Food image classification network based on dense connected convolutional network
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Fig. 8 Image preprocessing
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