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Research on image recognition of Chinese medicinal materials based on transfer

learning and model fusion

LIU Wei', ZOU Weihong', LU Yanjie!, HU Wei', LIU Tasi**
(1. School of Information Science and Engineering, Hunan University of Chinese Medicine, Changsha, Hunan 410208, China;
2. School of Pharmacy, Hunan University of Chinese Medicine, Changsha, Hunan 410208, China)

(Abstract] Objective In order to improve the accuracy of Chinese medicinal materials image recognition, the research of
Chinese medicinal materials image recognition is carried out based on deep learning according to the characteristics of irregular
shape, subtle texture characteristics, and various types. Methods Images of Chinese medicinal materials were obtained through
crawlers and data preprocessing was performed, image data sets of Chinese medicinal materials were established, Xception and
DenseNet was used as the backbone network to extract the characteristics of Chinese medicinal materials, and the network structure
was optimized by transfer learning, data augmentation and model fusion. A method called DxFusion for image recognition of
Chinese medicinal materials based on the fusion of Xception and DenseNet was proposed. Results Through transfer learning, data
augmentation and model fusion, the classification accuracy of DxFusion was reached 99.65% on 60 kinds of Chinese medicinal
materials test sets, which was better than the existing classification models. Conclusion The deep convolutional neural network
based on transfer learning and multi—-model fusion can extract the irregular characteristics of Chinese medicinal materials in the
image, and effectively improve the accuracy for the image recognition of Chinese medicinal materials.
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