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Research and design of Chinese herbal medicine image
classification algorithm based on deep learning

Yang Ruilin
(School of Computer Science (National Pilot Software Engineering School), Beijing University of
Posts and Telecommunications, Beijing 100876)

Abstract:The classification of Chinese herbal medicine image has important research and application
value in medicine and life. Many Chinese herbs have similar interclass characteristics, which presents a
barrier to the task of classification. In order to classify Chinese herbal images accurately and quickly,
this paper designed and implemented a classification method of Chinese herbal images based on deep
learning method.The method in this paper is based on ShuffleNet \V2.The data enhancement method is
used to expand the dataset and increase the robustness of the classification network. A CNet unit is used
to replace the traditional convolution, which further strengthens the ability of feature extraction. The
method in this paper was tested on the dataset of Chinese herbal medicine.The accuracy was improved
compared with the original network, indicating that the improved method is effective. At the same time,
the accuracy of the classification algorithm is 94.89%, which can meet the needs of Chinese herbal
medicine image classification.

Keywords: Computer application;Deep learning; Chinese herbal medicine image classification;
ShuffleNet V2; Data enhancement
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Fig. 1 Examples of pictures of Chinese herbs
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Fig. 2Aconstituent unit example of shufflenet V2
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Fig. 4Examples before and after data enhancement
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Fig. 5Loss curve ofChinese herbal medicine classification model
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Fig. 6Comparison of classification accuracy between original ShuffleNet V2 and modified ShuffleNet V2
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