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Research on recognition of dietary images based on deep transfer learning
WANG Ceren, PENG Yaxiong, LU Anjiang
( Collage of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Convolutional neural network (CNN) has tremendous advantages when applied to image recognition, but it requires a
deep network and a large number of well-labeled datasets to exploit its superiority. In practical daily life, it often needs to deal with
datasets with bad quality and inconsistent size and limited by hardware devices. In order to improve the efficiency and accuracy of
image recognition, a recognition algorithm based on deep convolutional neural networks and transfer learning is proposed. The image
is pre—processed and augmented first, then the feature information extracted from large samples is transferred for CNN feature
extraction. Finally the fine—tuned network is accessed to target datasets. The experimental results indicate that the algorithm has a
significant improvement in both accuracy and time performance for diet image recognition, with the accuracy up to more than 98% ,
precision improvement up to more than 10% , and time performance improvement up to more than 110%.

[Key words] deep learning; image recognition; Convolutional Neural Networks ( CNNs); transfer learning; fine — tuning
networks ; feature extraction
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