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Variety Recognition of Soybeans Using Segmented Principal Component Analysis
and Hyperspectral Technology
LIU Yao'> TAN Kehu' CHEN Yue-hua' WANG Zhipeng' XIE Hong® WANG Liguo’

(1. College of Electric and Information Northeast Agricultural University Harbin 150030 China; 2. College of Information and Communication Engineer—

ing Harbin Engineering University Harbin 150001 China)

Abstract: In order to realize rapid nondestructive recognition for soybeans varieties spectral information of hyperspectral image
for soybeans is analyzed. Hyperspectral images for 660 soybeans including 6 varieties from 400 to 1 000 nm are acquired by
hyperspectral image system. The interested region for each sample is extracted and average spectral information is obtained.

Spectrum curve is conducted multiple scattering correction ( MSC) . According to the correlation coefficient matrix the entire
hyperspectral bands are segmented into three highly relevant sub-segments. Principal component analysis ( PCA) is respec—
tively used in each sub-segments. The first twenty principal components are extracted as spectral features of soybean samples.

Identification model is developed using Extreme Learning Machine ( ELM) and Random Forests ( RF) models. Experimental
results indicate that the identification results using PCA in the second sub-segment ( 510.6 —685.4 nm) is outperform than u-
sing PCA in the entire bands. Nondestructive recognition and classification for soybean varieties using segmented PCA and hy—
perspectral technology is effective.

Keywords: Hyperspectral; Segmented principal component analysis; Soybean; Varity identification
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51 203
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2
Fig.2 Original spectrum curves of

all the soybean samples

3 6
Fig.3 Average spectrum curves of

six varieties soybean

a: 42, b: 51 ¢ 61.

a: Dongnong 42; b: Dongnong 51; b: Dongnong 61.
4

Fig.4 Correlation matrices of different

varieties soybean

1

Table 1 Information for segmenting

Subgroupl Subgroup2 Subgroup3
Band Band Band
Waveband range 1~37 38 ~97 98 ~203

400.9 ~507.6 510.6 ~685.4 688.4 ~999.5
Spectral range /nm

37 60 106
Waveband number

5
Fig.5 Average correlation coefficient

of sub-segments

2.3

400. 9 ~507. 6 nm 510.6 ~
685.4 nm 688.4 ~999.5 nm

( 2)- n
20
10 98%
10 o
2.4
PCA
PCA
(1 ~20)
ELM RF . ELM
“Sigmoidal’ “Sine”  “Hard-
lim” ELM o
“Sine ”»
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500, o
2 o
Table 2 Cumulative percent of principal . ELM
components( PCs) ( %) 16 120
pee Subgroupl Subgroup2 Subgroup3  Entire Bands 95%
90% 73.333 3%
PC1 84.9240 72.7123 80. 4561 77.0251 76.666 7% . 60
PC2 94. 6086 83.2752 88.7219 85.3767 203
PC3 97.3836 90.2631 92.5020 90. 8478
PC4 98.1252 94.9163 94,0248 93.3439 70%
PC5 98.5566 96. 6666 94.8454 95.2715 °
PC6 98.7886 97.7123 95.5049 96. 4445 6 10
ELM
PC7 98.9878 98.3624 96.0129 97.0450 91%
PC8 99. 1475 98.7108 96. 4027 97.4305
PC9 99.2789 98.9999 96.7298 97.6910 ( 3).
PC10 99.3776 99.1512 97.0059 98.0198 42 31
PC11 99.4535 99.2275 97.2412 98. 1157 47 ; 61 43
PCI2 99.5172 99.2896 97.4325 98.2685 ; 53 3
PCI3 99. 5658 99.3407 97.6074 98.3923 °
PC14 99.6131 99.3890 97.7715 98.5032
PCI5 99. 6549 99.4307 97.9221 98.5981
PC16 99. 6936 99. 4690 98. 0530 98.6737
PC17 99.7291 99.5012 98. 1797 98.7412
PCI8 99.7611 99.5290 98.2989 98.8067
PC19 99.7888 99.5527 98.4023 98. 8681
PC20 99.8129 99.5755 98. 4890 98.9249
660
90
540 20 6 ELM
120 - ELM RF Fig. 6 Identification accuracy based on ELM
6
7 o ELM
RF 7
o ELM
RF
14
ELM 94.166 7% 15
92.5% 7 RF

Fig.7 Identification accuracy based on RF
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Table 3 Identification results for training set and testing set using three different segments and the entire bands
Training set Validation set
Samples
Subgroupl Subgroup2 Subgroup3 Entire bands Subgroupl Subgroup2 Subgroup3 Entire bands
42
90 90 90 90 14 19 15 17
Dongnong 42
51
90 90 90 90 13 19 17 17
Dongnong 51
61
90 90 90 90 15 18 16 16
Dongnong 61
43
90 90 89 90 13 18 14 16
Dongnong 43
47
90 90 90 90 12 19 14 17
Dongnong 47
53
89 90 89 90 13 17 15 16
Dongnong 53
99.81 100 99.63 100 66. 67 91.67 75.83 82.50

Identification accuracy/%
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