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Spectroscopy and Spectral Analysis
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Fig. 2 Spectra of Lingwu long jujubes

(a): Original spectra of all samples; (b): Average spectral curves
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Table 1 Classification results of PLS-DA of the original and pre-treated spectra
Pretreatment Principal Calibration set(n=270) Prediction set (n=90)
methods components Correct Accuracy/ % Correct Accuracy /%

None 16 224 82.96 81 90
SG-1 19 235 87. 04 84 93.33
SG-2 17 232 85.93 87 96. 67
SNV 18 228 84. 44 83 92. 22
SNV-SG-1 17 230 85.19 83 92.22
SNV-SG-2 19 246 91. 11 87 96. 67
Detrending 18 231 85. 56 84 93.33
Detrending-SG-1 17 236 87.41 83 92. 22
Detrending-SG-2 17 233 86. 30 87 96. 67

Note: Correct; number of samples accurately identified, the same below
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Table 2 Characteristic wavelengths selected by different algorithms
Wavel h selecti f
ave engl() selection Number o Wavelengths/nm
algorithms wavelengths
SPA 23 406, 411, 416, 421, 425, 435, 440, 445, 449, 454, 459, 469, 473, 478, 483, 488,
493, 497, 502, 507, 512, 521, 526
IRF 108 406~469 (14), 478~526 (11), 536~641 (23), 651~675 (6), 689~862 (37), 901
~944 (10>, 963~992 (7)
406, 411, 421, 425, 430, 440, 445, 459, 469, 473, 483, 493, 497,
512, 517, 521, 531, 541, 574, 589, 593, 598, 603, 608,
UVE 68 622, 632, 641, 670, 680, 713, 723, 733, 737, 757, 761,
805, 814, 819, 829, 833, 872, 877, 891, 906, 920, 934,
958, 973, 978, 987
VCPA 13 421, 469, 512, 517, 545, 733, 771, 920, 939, 978
421, 425, 430, 435, 440, 483, 488, 493, 497, 502, 507,
521, 526, 531, 560, 565, 584, 589, 593, 598, 603, 608,
IVISSA 65 622, 627, 632, 637, 670, 713, 733, 757, 761, 766, 771,
857, 862, 901, 906, 910, 930, 934, 939, 968, 973, 978, ¢
992
445, 517, 541, 617, . 776, 781, 829, , 862, 915,
IRF-SPA 17 5,5 ) 6 689 6, 781, 829, 838, 862, 915
982
473, 502, 517, 541, 603, 733, 737, 795, 805, 843, 862, 891,
VE-SPA 19
U 949, 973, 987
IVISSA-SPA 15 445, 483, 517, 569, 584, 733, 757, 771, 920, 939, 973, 982
0.081 (a) SPA —— SNV-SG-2 curve 0.08 1 —— SNV-5G-2 curve
g 0.06 +  Selected wavelength (23) g 0.064 = Selected wavelength (68)
g £ 0.041
g 5 0021 .
5 % 0.00 p T It
;_ é-OAOZ- i 4'“/“ /JW"'\/‘
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g 0.06 © e . ::;::::;}\favclcnglh(l(lx) g 0.06 * g::xnigvfavclcng(h(lh
g 0 £ 0.04-
g 3 0.021
g % 0.004
& & -0.02 1
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Fig. 3 Wavelengths selected by different feature wavelength selection algorithms
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Table 3 The top 10 intervals of feature variables selected by IRF

Ranking Intervals Ranking Intervals
1 6~10 6 74~178
2 7~11 7 80~84
3 17~21 8 5~9
4 19~23 9 8§~12
5 20~24 10 10~14
3.4 ®

o T AR AR SRy — il S TG 45 P AR 3k w I B
IR OG5 R 3R G0 3K A5 58 8 K A A0 195 )5 A () b ] B (4
Yilg 2, 4, 8, 12 F 24 b KA EIE EIG , 2 BUR L HR X I,
TR R0 . 37 R b ot 1% A0 T AL 3T Y 3% SR 1Y PLS-
DA Z A, Pt SNV-SG-2 o 1% B U8 () R84 48 & 8 57 2%
£ (PLS-DA. LDA) FIAEL ¥ (SVM) 43 26 3] i B0, 5F: %) A2
T BEAT LU 76 4R O 1k B0 al e B o *%ﬁﬂr“?%ﬂlﬂ’izﬁ"%
HERM R 4 1 N 82.96 % Fl 90%0 . i & it Wi 4k P 5 45 F)
SNV-SG-2-PLS-DA ﬁmﬁnﬁ*#ﬂwﬂﬁiﬂ, AL AU A58 1E 4 A
IR VW 3820 9 91, 11 % F196. 67 % , T 4b B AT L) A &k 2

UVE plot when 30-components are considered in the PLS model

0 50 100 150 200 250
Real variables-index-random variables
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Fig. 4 Stability distribution curve of characteristic variables

selected by UVE algorithm

AR R S J R R . TERRAE AR B g ST 0 A AR, SNV-
SG-2-UVE-PLS-DA # 7 £ 1 5 F1 31 0 4 #E # % 4> 51 4
86. 3% Ml 94. 44 % ; SNV-SG-2-SPA-LDA #5515 1F £ F1 15 Il
B WER 22 4 ) g 86. 3% F1 83.33% ; SNV-SG-2-UVE-SVM
AU A T A A TR 4 o R R 4 0N 777800 M 7L 11%6 . R
FHRAEAE S Bk UL, A M T LUAR e B R
AR D T AR R AR (A5 TR BE AR AN R A5 4y

R4 ETHELTENDEER

Table 4 The classification results based on characteristic wavelength

Characteristic Number of Calibration set (n=270) Prediction set (7=90)
Model wavelength characteristic PCs . Accuracy . Accuracy
selection method wavelengths Correct /% Correct /%
SPA 23 19 224 82.96 77 85.56
IRF 108 17 232 85.93 85 94. 44
UVE 68 16 233 86. 30 85 94. 44
PLSDA VCPA 13 12 204 75.56 67 74. 44
IVISSA 65 17 229 84. 81 82 91. 11
IRF-SPA 17 12 204 75.56 67 74. 44
UVE-SPA 19 14 208 77.04 77 85.56
IVISSA-SPA 15 12 197 72.96 70 77.78
SPA 23 — 233 86. 30 75 83.33
IRF 108 — — — — —
UVE 68 — — — — —
LDA VCPA 13 - 211 78. 15 60 66.67
IVISSA 65 — — — — —
IRF-SPA 17 — 208 77.04 63 70
UVE-SPA 19 — 220 81.48 63 70
IVISSA-SPA 15 - 194 71. 85 58 64. 44
SPA 23 — 200 74.07 65 72.22
IRF 108 — 198 73.33 65 72.22
UVE 68 — 210 77.78 64 71. 11
VCPA 13 - 166 61.48 47 52.22
SVM
IVISSA 65 — 208 77.04 64 71.11
IRF-SPA 17 — 171 63.33 45 50
UVE-SPA 19 — 148 54. 81 45 50
IVISSA-SPA 15 - 112 41.48 31 34. 44

PCs: Principal components
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Study on the Detection and Discrimination of Damaged Jujube Based on
Hyperspectral Data

YUAN Rui-rui', WANG Bing®, LIU Gui-shan'* , HE Jian-guo' ., WAN Guo-ling' , FAN Nai-yun', LI Yue', SUN You-rui'
1. School of Food & Wine, Ningxia University, Yinchuan 750021, China
2. School of Physics and Electronic-Electrical Engineering, Ningxia University, Yinchuan 750021, China

Abstract Lingwu long jujube as Ningxia dominant characteristic jujube fruit. It has important economic and social value and
scientific research significance. This paper has been lingwu long jujube as the research object. First, 60 intact jujubes images
were collected Visible/near-infrared (Vis/NIR) using the hyperspectral imaging system. Damage tests were performed on 60
intact jujubes using the damaged device, and 60 damaged (internal bruising) jujube were obtained. The hyperspectral imaging
system was used to collect the five time periods after damage (2, 4, 8, 12 and 24 h after damage) jujube spectral image. Region
of interest (ROI) was extracted with ENVI software for the collected hyperspectral images of long jujube, and the average
spectral value of intact long jujube and each time period long jujube were calculated. Then, the raw spectral data used Savitzky-
golay smooth first derivatives (SG-1) and second derivatives (SG-2), standard normal variate (SNV) and de-trending, and the
combined algorithms of SNV-SG-1, SNV-SG-2, de-trending-SG-1 and de-trending-SG-2 were pre-processed. The partial least
squares-discriminant analysis ( PLS-DA) classification model was established for the original spectrum and the pretreated
spectrum. Finally, the optimal pre-processing spectral data were selected, and successive projection algorithm (SPA), interval
random frog (IRF), uninformative variable elimination (UVE), variable combination population analysis ( VCPA), interval
variable iterative space shrinkage approach (IVISSA), IRF-SPA, UVE-SPA and IVISSA-SPA were used to select characteristic
variables. The PLS-DA, linear discriminant analysis (LDA) and support vector machine (SVM) classification discriminant
models were established for the selected feature variables. The results show that in the PLS-DA model based on the original
spectral data, the accuracy of model calibration set and prediction set was 82.96% and 90% , respectively. After spectrum
pretreatment, the SNV-SG-2-PLS-DA was obtained as the optimal classification discriminant model, and the accuracy of model
calibration set and prediction set was 91. 11% and 96. 67% , respectively. In the classification model established by feature
variables, the accuracy of the SNV-SG-2-UVE-PLS-DA model calibration set and prediction set were 86.3% and 94.44%,
respectively. The accuracy of the SNV-SG-2-SPA-LDA model calibration set and prediction set were 86.3% and 83.33%,



59 M e 2% 5 501 4 b 2885

respectively. The accuracy of the SNV-SG-2-UVE-SVM model calibration set and prediction set were 77.78 and 71.11%,
respectively. For the classification model, the classification results of the linear classification model (PLS-DA, LDA) were
superior to those of the nonlinear classification model (SVM). The results of the linear classification model, PLS-DA was
superior to LDA classification results, and PLS-DA could provide a better classification effect. The results show that the
hyperspectral combined with the partial least squares-discriminant analysis model could effectively realize the rapid detection of

the damage of lingwu long jujube of the change of time, providing a theoretical basis for the online detection of lingwu long

jujube.

Keywords Lingwu long jujube; Hyperspectral; Partial least squares-discriminant analysis; Linear discriminant analysis;

Support vector machine
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