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Approaches to Food/Non-food image classification using Deep Learning on cookpad
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In this paper we report our approach to image classification, in particular to the food /non-food image classification
problem, as used by our Bl Z % { (Cooking Log) product of Cookpad Inc. We augment our existing services
with a computationally expensive image analysis architecture implementing this solution. One challenge is that the
non-food class is very vast and varied and can only be defined in context. We find that having the non-food class
consist of multiple subclasses effectively improves both precision and recall by capturing different types of features

in the images of the non-food class.
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{multi, multi} 0.984 / 0.930 | 0.990 / 0.883
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