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Classification and recognition method of rice seeds based on feature data

HUANG Qiong', YANG Hong-yun®, WAN Ying'
(1. College of Computer and Information Engineering , Jiangxi Agricultural University, Nanchang 330045, China; 2.College of Software, Jiangxi Agricul-
tural University, Nanchang 330045, China)

Abstract: Aiming at the problems of high similarity and difficult identification of rice seeds, a classification and i-
dentification method which combined linear discriminant analysis (LDA) and Bayesian classification ( Bayes) was proposed
to improve the identification speed and accuracy of rice seed classification. By performing pre-processing operations such as
cropping and segmentation on the images of four types of rice seeds ( Chujing No.7, Maba Younian, Yuyangnuo and
Yuzhenxiang) , the color characteristics, geometric and texture features of rice seed images were extracted. Linear discrimi-
nant analysis, principal component analysis, factor analysis and locally linear embedding were used to analyze and reduce
the dimensionality of the feature data, and Bayes, K-nearest neighbors, support vector machine, multilayer perceptron clas-
sifiers were selected respectively to conduct classification and identification research on the original feature data and dimen-
sionality reduced data. To improve the generalization ability of the model, image enhancement technology was used to ex-
tend the original data set of rice seed image samples and to simulate multiple environments to enhance the image data set of
rice seeds. The results showed that the running time of LDA_Bayes model based on data enhancement was 0.019 s and the

recognition accuracy rate was 99.4%. Compared with other

%5 B #7:2020-06-29 models, LDA_Bayes model shows stronger robustness and

E£WH:FKARRELTH (61562039) applicability, it can classify and recognize rice seeds in

EHEBN . BL(1997-) , Lo JLva s M A il se A, R8N different environments efficiently and provide a new meth-
BB S AL BIBTSY , (E-mail ) 406274397@ qq.com od for rice seed classification and identification.
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Fig.1 Sample images of rice seeds
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Fig.2 Effects of enhanced algorithm
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Table 1 Classification results of the original data of rice seeds

- i i e WA
(s) (%) T (% ) FEWE (%) R (%) F1(%)
KNN 0.088 93.2 88.8 88.7 88.8 88.7
SVM 0.321 77.6 77.5 85.7 77.5 72.6
Bayes 0.016 97.7 97.3 97.3 97.3 97.3
MLP 0.473 81.4 82.8 85.4 82.8 80.2
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Fig.4 Dimensionality reduction results of feature data of rice seeds
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Table 2 Classification results of PCA ( Principal component analysis) dimensionality reduction data

o il It Wthe
) (%) HERIH (%) Wi (%) HIEH (%) F1(%)
PCA_KNN 0.078 84.7 80.0 80.0 80.0 79.8
PCA_SVM 0.276 75.5 74.0 73.6 74.0 73.6
PCA_Bayes 0.016 79.1 79.8 81.3 79.8 79.2
PCA_MLP 0.277 79.6 78.9 78.7 78.9 78.7
FIWE1E,
£3 BETFHW(FA) BEHESXER
Table 3 Classification results of FA ( Factor analysis) dimensionality reduction data
- i ] YLt % W
() (%) HEBH (%) Hid3(%) AR (%) F1(%)
FA_KNN 0.090 78.0 69.5 70.1 69.5 68.8
FA_SVM 0.078 66.9 66.9 69.4 66.9 66.9
FA_Bayes 0.016 71.2 71.2 72.8 71.2 70.3
FA_MLP 1.139 75.5 75.3 75.8 75.3 74.9
FIWF1E,
R4 ZEHFRSH(LDA) BEEHIES LER
Table 4 Classification results of LDA ( Linear discriminant analysis) dimensionality reduction data
o i i it g
) (%) HER.(% ) W% (%) A (%) F1(%)
LDA_KNN 0.078 99.0 99.2 99.2 99.2 99.2
LDA_SVM 0.078 98.6 99.0 98.9 99.0 99.0
LDA_Bayes 0.013 98.6 99.6 99.6 99.6 99.6
LDA_MLP 1.248 98.7 99.4 99.4 99.4 99.4
FI W1 E,
x5 BI&MEHRN (LLE) BAERES XER
Table 5 Classification results of LLE ( Locally linear embedding) dimensionality reduction data
o i i il g
(s) (%) WER (%) 53 (%) B (%) FI(%)
LLE_KNN 0.075 85.4 81.2 81.2 81.2 81.0
LLE_SVM 0.016 67.4 66.3 74.4 66.3 57.1
LLE_Bayes 0.016 78.3 71.7 71.5 71.7 71.3
LLE_MLP 0.984 80.9 78.9 78.7 78.9 78.5

FI W& 1E,
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Table 6 Comparison results before and after data set enhancement combined with LDA_Bayes model

. e it g
o Fisf [ ullé,%iﬁﬁﬁjﬁi
) (%) HERI (%) W (%) HEH(%) FI(%)
JRIREARSE 0.013 98.6 99.6 99.6 99.6 99.6
o I AR A 0.019 99.4 99.4 99.4 99.4 99.4
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