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Image Recognition Method for Chinese Herbal Pieces Based on
Channel Attention Mechanism

ZHOU Sujuan®? LI Jiatao® HE Qisen> MENG Jiang® LIU Bo!

(1.School of Automation, Guangdong University of Technology, Guangzhou 510006, China
2.College of Medical Information Engineering, Guangdong Pharmaceutical University, Guangzhou 510006, China
3.College of Traditional Chinese Medicine, Guangdong Pharmaceutical University, Guangzhou 510006, China)

Abstract: A channel attention mechanism based on image recognition method for Chinese herbal pieces is proposed to address
the issues of human and material resources consumption, strong subjectivity, and bias in manual recognition of Chinese herbal pieces.
Firstly, construct an image database of Chinese herbal pieces; Then, an improved AlexNet model was used to recognize the sliced
images of Zedoary Turmeric, Ginger, Orange Kernel, and Moutan Cortex; Finally, a channel attention mechanism is introduced to
address the issue of insignificant differences in the characteristics of different processed products of the same slice. The comparative
experimental results show that the AlexNet model based on channel attention mechanism has an accuracy improvement of 2.18% and
a classification accuracy improvement of 2.05% compared to the AlexNet model; And it reduces the number of parameters and FLOPs.

Keywords: Chinese herbal pieces; mage recognition; channel attention mechanism; AlexNet model
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