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Identification of Anoectochilus roxburghii strains based on multi feature fu-
sion and LightGBM
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Abstract:  Anoectochilus roxburghii is a rare Chinese herbal medicine, different strains of A.roxburghii have slight
morphological difference and significant variance in medicinal effects. To solve the problems of insufficient contribution abil-
ity of single-feature in A.roxburghii and poor generalization ability of traditional classifiers, it was proposed to use shape,
color and texture features to extract and fuse features of A.roxburghii leaf images. Then LightGBM ( light weight class eleva-
tor) with a better performance was used in building classifier, so as to improve the recognition accuracy of A.roxburghii.
LightGBM had the advantages of accurate and efficient, and the prediction accuracy could be improved effectively by impor-
ting the extracted high-level features into LightGBM to forecast the training. A total of 368 leaf images from six strains of A.
roxburghii dataset were trained and tested. The results showed that model based on multi-feature fusion and LightGBM had

the best recognition effect compared with traditional

WS B 9 -2020-06-02 classification methods. The average recognition rate of ten

ESTE 8 BT A2 5 H (2019Y4009) 3 3% 1T 1 4 random experiments was higher than traditional methods

Bl X % JE O RBHIFI E (2019-JJFDKY-48) such as KNN, SVM and GBDT, and it showed good per-
PEZ RN AT (1997 -) , 20, M E A, B H o0 A, F N formance in classification evaluation indices like precision,
ML 5 ER AL BEAF ST, ( E-mail) chshud@ 163.com recall rate and comprehensive evaluation index. The result
BIHUEE S5, (E-mail) qq.chai@ fzu.edu.cn; A, (E-mail) ly- can provide reference for the identification of different

fjtem@ 163.com strains of traditional Chinese medicine.
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Fig.1 Representative images of leaves from all strains of Anoectochilus roxburghii
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Fig.2 Image preprocessing of Anoectochilus roxburghii leaves
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