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Abductive learning—based food image recognition method
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Abstract: Food image recognition, encompassing both food recognition and ingredient recognition, is an important task in the field
of computer vision that has achieved remarkable results in recent years. However, the performance of many excellent models is
limited due to the scarcity of labeled data. Unlike other vision tasks, there is a knowledge connection between food and ingredients
and the connection has not been fully utilized in previous works. This paper proposes a new method, namely, Abductive learning for
Food and Ingredient REcognition ( AFIRE) , which utilizes abductive reasoning to optimize the results of the perceptual model and
uses the corrected labels to train the perceptual model, thereby reducing the perceptual model’s dependence on labeled data. The
paper conducts the experiments on three widely used food datasets, and the results show that with the same amount of annotated data
for training, the model performance is improved by an average of 2.43% compared to the perceptual model without AFIRE.
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