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Technical review and case study on
classification of Chinese herbal slices based on computer vision

ZHANG Yi, WAN Hua', TU Shugqin
(College of Mathematics and Informatics, South China Agricultural University, Guangzhou Guangdong 510642, China)

Abstract: Classifying similar, counterfeit and deteriorated slices in Chinese herbal slices plays a vital role in clinical
application of Chinese medicine. Traditional manual identification methods are subjective and fallible. And the classification
of traditional Chinese herbal slices based on computer vision is superior in speed and accuracy, which makes Chinese herbal
slice screening intelligent. Firstly, general steps of Chinese medicine recognition algorithm based on computer vision were
introduced, and technical development status of preprocessing, feature extraction and recognition model of Chinese medicine
images were reviewed separately. Then, 12 classes of similar and easily confused Chinese herbal slices were selected as a
case to study. By constructing a dataset with 9 156 pictures of Chinese herbal slices, the recognition performance differences
of traditional recognition algorithms and various deep learning models were analyzed and compared. Finally, the difficulties
and future development trends of computer vision in Chinese herbal slices were summarized and prospected.
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Fig. 1 General steps of recognition algorithms
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Fig. 2 Common preprocessing operations
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Tab. 1 Common image preprocessing methods of Chinese herbal slices
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Fig. 4 Low-level feature extraction method
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Tab. 2 Examples of common algorithms for Chinese herbal medicine recognition algorithms
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Fig. 5 Network structure of AlexNet
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Tab. 4  Classification results of different algorithms

Bk T 1% 11 5/% Feethoe  WERIER% SR ICF AR /ms BEBLRIMB
HOG+SVM 23.1 21.3 92.9 87.2 79.385 10. 99
VGGNet-16 83.4 80. 1 98.6 97.5 14.028 512.36
ResNet-34 88.5 86.2 98.9 98. 1 7.497 81.32
ResNet-50 85.9 83.8 98.7 97.6 10. 920 90. 03
ResNet-101 87.4 85.0 98.8 97.8 17.133 162.73
ResNeXt-50 88.5 87.3 99.0 98.2 16. 006 88.07
ResNeXt-101 88.7 85.8 98.9 98.0 33.816 331.87
MobileNet v2 79.2 74.2 98.0 96. 4 6.779 8.73
ShuffleNet v2 1x 91.4 90.0 99.2 98.6 5. 966 4.95
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