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Some food images from Dish-233 dataset
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Automatic understanding of food images has various applications in different fields, such as food intake

monitor and food calorie estimation.Thus,the research on food related tasks,such as food image retrieval and classi-
fication has been one of the hot research topics in the field of multimedia analysis and applications recently. Existing
methods mainly extract the visual features from the whole food image for further food analysis.The extracted features
are lacking in robustness because of the background interference from the images.In order to solve this problem,we
propose a Faster R-CNN ( Region-based Convolutional Neural Network ) based food retrieval and classification
method.For the solution, we first detect the food candidate regions using Faster R-CNN, and then adopt the CNN
network to extract the visual features from the detected food regions.Such extracted features are more discriminative
for reducing the background interference.Furthermore , we select the annotated food images from the Visual Genome
dataset to fine-tune the Faster R-CNN to guarantee its performance. We conduct the experiment on two datasets
Food-101 with 101 classes and 10 641 food images,and Dish-233 with 233 dishes and 49 168 images.The extensive
evaluation demonstrates the effectiveness of the proposed Faster R-CNN based food visual feature extraction method
in food image retrieval and classification.

Key words food image; image retrieval ; image classification ; deep learning; Faster R-CNN ; convolutional neural

network



