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Chinese herbal medicine data association annotation algorithm
based on semantic consistency constraint

SHEN Guihua", ZHANG Lian*, JIANG Bo’
(1.China Cultural Heritage Information And Consulting Center, Beijing 100029, China; 2.College of Artifi-
cial Intelligence, Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract: Chinese herbal medicine data is rich in digital resources. Using annotation to analyze the categories
and functions of Chinese herbal medicine is a scientific and technological method that can realize cultural
identification, cultural interpretation and cultural inheritance. This paper focuses on the book image data in
the field of Chinese herbal medicine, and realizes the digital image and text processing and associated
annotation of the Chinese herbal medicine book data with mixed text and text. In this paper, a Chinese Herbal
Medicine Association annotation algorithm based on semantic consistency constraint is proposed. Aiming at
the problems of small gap between classes and multi morphology of images in Chinese herbal medicine
images, the structure of feature extraction model and attention mechanism are comprehensively used.
According to the characteristics of Chinese herbal medicine data, the structure of classical annotation model
is optimized to realize the annotation task of Chinese herbal medicine images.
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i Top-1 #EHIR (%) Top-5 HERI % (%)
VGG-16 77.8 83.1
ResNet-101 83.5 89.7
Inception-V3 83.7 93.2
BCNN 84.1 95.4
MA_CNN 86.5 93.1
AR SR 85.1 92.0
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e Top-1 HEWIR (%) Top-5 HERH % (%)
VGG-16 60.1 76.5
Resnet-101 62.4 71.1
Inception-V3 60.2 78.6
BCNN 68.5 80.1
MA_CNN 79.6 89.3
AR AR 83.6 92.6
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A B 5 R T 5 AR TR AR LU T8 2 top 1 HER R id
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