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s Uy FHEI R ORI A B B O S sk BT, IR
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strument setting) {4k Al A A £ 1F .
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Fro 361458 MR REARRE . AR REAE 20 1 )
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ZEUIOT R A A oA T 5 0 30 5 T A D S 43 AT 92 (lin-

ear discriminant analysis, LDA) . ¥ B4 ¥ B (quadratic
discriminant analysis, QDA) . I [& I 55 31 51 2 #7 : (Mahal-
anobis distance discriminant analysis, MD-DA) %,
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PR R (K I f LTI B oE i R N A A B R
F HER AR, RASCR L 2 5 R R A RO,
THE BN BT s (AR EANBORD . RS R BUR X —H8 5
HRER . A3 AR R AR, B 3 5 A %
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2.1 PCAH#R

Xof BT A REAS TR 6 IS BE AT PCA 3 # . T 20 A>3
%43 (principal components, PC) Y4 AF {5 A1 2 B 53 ik 2% 4 &
1. HFEWHL 5514 PC STk FER 75.78% ., &I PC
TGTER R R 5 BT 2 4 PC BBUBTER Ry 86. 6820, Z 5 &
PC HATTRRA I N5 i 11 4> PC FHEHII R T 1, &
FTTHRR Ry 99. 89005 A 20 4~ PC RBTTHLE X F] 99. 982,
LR 0. 026 iy LS 15 B R BB R 3k .
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Table 1 The eigenvalues and the cumulative contributions

of the top 20 principal components

E SEM Egﬁf* LIRS AEM ii;”‘/?f"
PC1 1 539.066 75.78 PC11 1. 061 99. 89
PC2 221.398 86. 68 PC12 0.677 99. 92
PC3 188. 757 95.97 PC13 0. 288 99. 94
PC4 36. 948 97.79 PC14 0. 207 99. 95
PC5 16. 460 98. 60 PC15 0.176 99. 96
PC6 11. 455 99.17 PC16 0. 151 99. 96
PC7 5.939 99. 46 PC17 0.142 99. 97
PC8 4. 444 99. 68 PC18 0. 081 99. 98
PC9Y 1. 964 99.78 PC19 0. 065 99. 98
PC10 1.272 99. 84 PC20 0.051 99. 98
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Table 2 The DA discriminant result by using different
numbers of principal components
B MRS/ % A/ %

/A~ LDA QDA  MD-DA LDA QDA MD-DA
2 32. 30 38. 07 32.92 32.92 38.48 33. 54
3 38. 17 44. 86 42.18 38. 68 46. 09 40. 74
4 45.58 56.58 50. 62 47.53 54.94 50. 21
5 49. 07 62.76 57.82 50. 62 65.02 56. 38
6 59.98 72.63 70. 16 57.00 68.52 67.28
7 60. 70 78.19 78.09 58.02 75.51 74.49
8 64.51 82.72 82. 10 60.91 80. 66 77.98
9 67.28 86.73 86. 32 62. 14 85. 39 82.72
10 67.18 90. 43 89. 40 65. 84 85. 60 84. 36
11 70. 16 92.18 91.15 68.72 87. 04 83. 54
12 73.35 93.72 92.59 72.63 88. 07 86. 83
13 77.47 95. 68 95. 06 75.51 89.71 88. 68
14 77. 26 96. 50 95.58 77.98 91. 15 89.92
15 81. 69 96. 60 95. 88 83. 74 91.77 90. 74
16 82.00 97.74 97. 22 82.72 92. 39 92.18
17 82.10 98. 77 97. 94 84.16 93. 00 92.59
18 84. 47 98. 77 98. 35 84.16 93.42 93. 00
19 84.77 98. 77 98. 25 84. 36 95. 47 94. 24
20 85.70 99. 28 99. 07 84.98 95. 68 95. 27
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Fig. 1 The DA discriminant result under different

numbers of principal components
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Identifying Ramie Variety by Combining the Hyperspectral Technology
with the Principal Component Analysis

CAO Xiao-lan'*, DENG Meng-jie' , CUI Guo-xian*"
1. College of Information Science and Technology, Hunan Agricultural University, Changsha 410128, China
2. Ramie Research Institute of Hunan Agricultural University, Changsha 410128, China

Abstract Ramie(Boehmeiria nivea 1.)is a special and traditional fiber crop in China, having higher economic status. Determi-
ning the hyperspectral reflectance of ramie leaves with the spectrometer and developing a hyperspectrum-based method of ramie
variety identification of high efficiency will be beneficial for the cultivation of ramie, the development and utilization of germplasm
resources as well as the provision of critical technological supports to realize the top quality and high production of ramie and the
accurate management of ramie croplands., which are significant for improving ramie yield and quality. In order to apply the
hyperspectral technology for identifying ramie varieties, total 1458 hyperspectral data on the ramie leaves coming from nine ramie
varieties of different genotypes were collected. According to these data, we explored the using of the Principal Components
Analysis(PCA) to reduce dimensions of the hyperspectral data and how to determine the best appropriate number of principal
factors in the PCA. Further, we compared different combinations constituted by different principal factors and different Discrim-
inant Analysis approaches, and the results of the ramie variety identifying models based on the hyperspectrum of ramie leaves
were established. After the principal component analysis of the full-band data sample, with 2~ 20 principal components as the
feature variables, we applied three discriminant models, namely the Linear Discriminant analysis(LDA), the Quadratic Discrimi-
nant Analysis(QDA), and the Mahalanobis Distance Discriminant Analysis, (MD-DA), to create variety discriminant models
and used them to predict, and with the accuracy of the prediction set as the evaluation criteria, the effects of various combina-
tions were compared. The results showed that when we used the cumulative contribution rate(Z==85%) as the criteria and select-
ed two principal components, the accuracies for the LDA, the QDA and the MD-DA prediction sets were respectively 32. 92%,
38.48% and 33.54% ; but, when we used the feature value(Z=1) as the criteria, and selected eleven principal components, the
accuracies for the prediction sets of above discriminant models were respectively 68. 72% ., 87.04% and 83.54% ; and further,
when we considered the accuracy of the prediction set as the preferential criteria and selected twenty principal components, the
accuracies for above discriminant models were all significantly improved and were respectively 84. 98% , 95.68% and 95.27%.
Therefore, we can draw the following conclusions: (1) it is feasible to establish the ramie leaf-based hyperspectral variety identi-
fication model by combining the PCA and the DA, but there are big differences between results due to different numbers of fac-
tors, different DA criterias and different combination approaches; (2) The impact of the number of principal factors on the identi-
fication results are significant, and the appropriate adding of the principal components can notably improve the accuracies of cor-
responding models, thus it is not confined to how to select the feature values of the PCA and the accumulative variance contribu-
tion rate ; (3) When the numbers of principal factors are the same, among above three discriminant criteria, the effect of the
QDA is the best while that of the LDA is the worst; (4) Twenty principal components and the QDA approach constitute the best
combination, which makes data dimensions be hugely reduced, from 2031 dimensions of the full-band down to 20 dimensions,

and the accuracy of the prediction set is 95. 68 %.
Keywords Ramie; Hyperspectrum; Principal components analysis; Discriminant analysis
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