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Species identification of anoectochilus roxburghii based on PCA-KNN
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Abstract; In order to facilitate the accurate identification of the strain of anoectochilus roxburghii, a PCA-

KNN based identification method was proposed. Through image preprocessing, the blade regions with more ob-

vious features were obtained, then the texture and color features were extracted for feature fusion, and then

PCA was used to reduce the feature dimension and improve the recognition accuracy. Finally, the classification

was completed by training the KNN classifier. Identification tests of 3 strains of anoectochilus roxburghii were

carried out, and results show that compared with other methods, the proposed method can effectively improve

the recognition rate up to 98.4% , and it can accurately identify different categories of anoectochilus roxburghii.
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Fig.1 Opverall flow chart of blade image recognition
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Fig.2 Examples of blade preprocessing results
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Fig.3 Coordinate diagram after dimension reduction
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Tab.1 Contribution of each principal component

after dimension reduction

YeJT i kb %
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ki 22.62
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5\ 0.05
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Fig.5 Blade images of anoectochilus roxburghii
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Tab.2 Recognition rate of KNN model under different principal component numbers

ES5 AEBAIEIRIF/ % RHBLETIIR/ % AESLEINFR/%  BPBIE/ %
1 56.5 70.0 75.0 66.7
2 69.0 77.8 75.0 73.0
3 83.3 77.3 88.2 82.5
4 95.2 87.0 78.9 87.3
5 100.0 95.5 100.0 98.4
6 95.5 95.5 94.7 95.2
7 91.7 95.0 100.0 95.2
8 95.7 95.2 100.0 96.8
R3 BAERRANER
Tab.3 Identification results of each method
ik AN R 3 RNk [ERCES $id iR i %
HER VAL R HEBR U L iR RV R % %
sk—learn KNN 22 17 18 90.5 9.5
sk—learn SVM 22 19 18 93.7 6.3
PCAsk—-learn KNN 22 21 19 98.4 1.6
PCAsk-learn SVM 20 22 19 96.8 3.2
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