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Spectroscopy and Spectral Analysis

it

UL 41 50 5 S 1 B BT A R 4L 40 T B 32

S M. A OF. R IR, £EM

N

HE R3S A BE L A BT IR ST b, TEPE B 330013
B OE BRI E O A TR BRI S BT SR AT S S o AR LAk A A T — 0
B P A 55, 5o A TR S DA [l AL R B 1Y 5 R I A O BF R R 42, BRI R R T A
) S B K 455 T IO R R A R R A B A T AT o PR R I 1 A U U R R Ak R A TR I X I A R AR A
SHRAT 5 ST I 6% FE U T W AL R L 9 OB A AR B 43 JORE AR CRAL T A 096) . 4% B i Ak O Ak o
ANTF25%) . R BERLAK CRLAG T BL 25 %6 ~50%0) » AEJE45 58 AR FE Ml o 763X = 2SR IS FB I 20 L 3 AN A,
2 174 AREAS, STt 522 SRR KR AR B IR 4R R I R BE . R L L0 A B IR R R EREAS 397. 6~
1014 nm i B9 9 = 063 R AE B . TR ENVIA. 5 80058 1o 38 £ 1868 X 88 (ROD $2 URE 45 1) 7 35 06 3%
fFB . RAEMRS O (PCA) | LRI (SPA) | Jof5 BAS B Bk (UVE) = R e 4t 05 12 6 6 3% S ok A7
R AL B, SRR ICCAE R, RECE MR . SRR 176 AUk, PCA Bkik i 6 A~ E s F . SPA $kik 17
AFEAEP A, UVE Pk 54 AHRAE S o LA 4 18 5000 0 = ol [0 28 0y 12 Bk ok o4 Sk 0 72 82 10 Sy iy A0 300 788 7 i e
AN TR F 43 M (PLS-DA) Rl fi /Iy — e 3 45 1] B HL (LS-SVMD BB, 57 19 PLS-DA E#iJ5 3%, PCA-PLS-
DA R H| i =k 25. 58% , UVE-PLS-DA 1R #|Z AN 5. 38% . T RBF-Kernel il LIN-Kernel B ffi#% o
BN LSSVM #A5 Jr ik . B4k I RBF-Kernel #8884 R LT LIN-Kernel, UVE ¥ i % 5 8 57 (19 45 8 4%
SR T H Al R A Dy v LA TR (iR ) 26, T RBF-Kernel ) UVE-LS-SVM #1200 350 . 8 4, 46 W kG B
B, AP ERFERN 0. 7800, KBV B AEROR . 5T 45 S 3 W A ST (0 A5 AL RE AR S Hb X A R 16 AR B 1
REIEAT R, AR R 30. 68 26 MBI » 7 W AR 138 2 1) 248 2 17 [) 3 3 A0 T 35 0 38, b 2 30 A5 48 7=l
T RO SR B — E LR L.

KB RGN BN BRI TOE BRI

Vol 42,No. 5,pp1366-1371
May, 2022

FESES: 0433.4 X EARIRAG: A

RN

=]

5l

JBE 488 JBR R ARE A0 B R, 4% TS AR R R A
XILF A et . B2 AT B KR 22— HZ A
HEN MR ERZERIR TR . BT O R (HR
AT 2 BRI B s LA i SR A . JE A T 1
S KRBT A B IBE AR AL . A R & S BB RE R OK . SRIA
SEBORLAR BB R L LA™ A A 2 R g, B
EHER A ML TR0 rp IR 7 ol f) PR A o T A
SR AR U FIY SRS 2 5 e A R SR o kA I AR S TR A I
REIR A » TR0 I T 4 il 3 L IX 73 DA T B R A5 2.
THAE W AR . BEE ARy R E AR RE KR Z—,
X G A T it J A ) X A ) ) 0 R R A e o AR R A AR

Wi B
E2mA:
fEER N

2021-04-09, {EITHHA: 2021-07-21

DOI: 10. 3964/j. issn. 1000-0593(2022)05-1366-06

W EF RN LA, A EFE TR, HAATEE R R A
., I HAERL XTI ROR AL R HEAT X 2. IR — AT TR
A L A P B A T . W DUR R BEAR A I ¥ s . JLE
i35, [A) 6T B R T B o 1L W B R
EEIE RS S — B FEENELR, HERIEEANA
Wr5e 3 5 R, BFIEE PR & il AR 2 MR T AR BAT
P18 it SRS ey D' T AR AR A 2R B B 2 A A T U Y
FHE B8R 583 BN H AR 8O RS . Liu 450 598 6 i
ZLAN OGBS e R I B Bk R A B M A . R AR T
PRBCY I e /)y — 3 (kernel partial least squares, KPLS) %} &
TG B AT R4t JT 256 2R S 1 AT AR, B R 5k
F) 98.27% , BiE T R O R B AR T AR B Y R0 et 54
K AT 47 . Jan Steinbrener %00 i A 5 o 3% MR HE AR &5 &
BN Z P20 RGB BHGEE #E47 I 2R, 4T 516 T8 RO 38

[ % H AR BL 2 R4 000 H (31760344 , YLIY4T [ ZBH %5 # 45 7 51 H (20192AEI91007) ¥ B)
XIHEE . Lo, 1967 4R, AR ARSI R 2 RE AL HL 2 75 B BT 5 e 4%

e-mail: jxliuyd@163. com



B

X SHEFE AT « AT 21 A1 w8 G T 1R I R AL AG T AT 52 1367

LR KR FBESE AT A0 28, IEHIERIAH] 92. 2300, Pu 7 LU
RTINS G . FH 0I5 AR B X B A0 AR B AT
K, R A8 HRAE Pk B2 (650, 705 A1 740 nm) # 57 1 /D T
H) 5 4y H1 (partial least squares discriminant analysis, PLS-
DA 24 4 H i H o 93. 3% . R332 I 5 45 L3 B8 1 )
AT LA s e T AR S e T D20 AT i R
FIWFFEAEAR 7 SR AR ZL4R 1 1 B AR AE B IR s
PLSR Flf% /N — 9 37 5 7] & HL (least squares support vector
machines, LS-SVM) KL RY . &y — F G F1G 3515 B 45
A (R JEE KBS R, g S ) LS-SVM B 4 A 56 R N
0.954, Zhang 55" F I 32 843 43 BT X 5 A 45 Fh BB 1 B F
EREHATE AN 2, S A UERR R IA H) 96. 6300, DL RBFSE
B, G BB BOR T LA 32z 1 T 7K R 0 B 3% 0 BT
By AL .

PAYL VG 77— g IR AR PS8 0 4, RS A &0
TERCR GG 2 R T a2 7 B U0 R Rk AL AR R Y TT
A3k, i @ Sn PLS-DAY I LS-SVM B AL I ik H: fe )t
R TE LD Y SRl s NI SR S o A C AR oAl

AR A ST B I RS L Tk A 0 A L, A S B X I R B o

Ih.
1 Segeksr

L1 sy

T %) G 328 F L TU B AT 0 I A8 ol o —— St g I A .
JBE A A o IR A S A AR A B W B E Ak IR
AT R W I A o 2 — o SERR AR AR TG A M T T
A — AR R b BEA S = AR R LR B (TG B
e B s F R CRLAL TR T 5070 REA TG £ Y
B, HAEmd AR S 70 B, BORERTIE . BEARZ R 1
FHZD A3 P v 5T i A A 3 B 25 0 D 5°C UK IR A
AR R AR I 4 I A A A I O 2~3 hy DAIK B IE %
FE o T A IR G vk LR LS TR A R BEE . T DA SR 4RO
R 2N RS, RESCOCERFLG . HHFED
TF+ WG RALRR B 5 b JE kA CRLAL TR 000) 5 2 BE kAL
Ok Al 11 BN T 250605 o BE LAk OR Ak 17 AR 2596 ~5090) .
Pl 1 2R JH 19 = A [ A 7 2 119 3 7 I 46

E1 =fARNKEENEREFE
(a): Jo; (b): BBJF; (o). P

Fig. 1

Three different granulation degrees of navel orange in southern Jiangxi

(a): None; (b): Mild; (¢): Moderate
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Table 1 Classification of training sets and prediction sets and sample codes of different coffee beans

Degree of Sample Total number Number of training Number of test
granulation code of samples set samples set samples
None 1 174 131 43
Mild 2 174 131 43
Moderate 3 174 131 43
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Fig. 2 Hyperspectral equipment imaging device

(a): Schematic diagram; (b): Picture
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‘ Hyperspectral collection of samples ‘
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‘ Spectral pretreatment ‘

l

PCA, SPA and UVE were used to
screen the bands
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PLS-DA, LS-SVM were used to establish
the model

}

Remodeling

The misjudgment rate was used as
the evaluation index of the model

C The best model >
B3 AENAEEREERARZIRER

Fig. 3 Modeling flow chart of detection for navel

oranges with different granulation degrees
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Fig. 4 Original mean reflectance spectra of navel

oranges with three granulation degrees
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Fig. 5 Cumulative contribution rates of the first 20 principal

components of citrus hyperspectral data
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Fig. 6 SPA wavelength variable selection results
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Fig. 7 UVE variable screening stability result graph
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Table 2 Comparison of PLS-DA models based on different dimension reduction methods
Model Variable selection Num‘ber of PCs RMSEC R, RMSEP EI'.I‘OI.' rate of
methods variable prediction set/ %
Original data 176 12 0.910 0.210 0. 890 0. 281 7.55
PCA 6 5 0.708 0. 442 0. 659 0.474 25.58
PLS-DA
SPA 17 7 0. 832 0. 330 0. 827 0.338 15. 55
UVE 54 7 0.912 0. 244 0. 895 0.261 5.38
R3 AEBRERES LSSYMAZEIRERERELLE
Table 3 Comparison of model performance between different dimension reduction methods and LS-SVM method
RBF-Kernel LIN-Kernel
No. of
Methods variable ) Error rate of Error rate of Error rate of Error rate of
Vo training set/ % test set/ % 4 training set/ % test set/ %
Full spectrum 176 1. 796 X 10%, 672.223 1. 27 4. 65 1.568 2.29 4. 65
PCA 6 6.781, 0.735 1.78 1.55 1. 039 5.09 17.05
SPA 17 1.362X10%, 122.775 0. 76 2.33 1. 111 0.76 4. 65
UVE 54 1. 802> 10", 500. 116 0% 0.78% 1. 667 0.25 1.55

WE 8 &y 3 F RBF-Kernel ff) UVE-LS-SVM 45 1 i il
L RIEL NP R nT DU . e BRI R A AR (AT — ol it

1 None
3.04 2wmild
3 Moderate
3
S 2.5
o
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B
s 2.0 S
z
3
é 1.5
1.0 — ]
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Number of samples in the prediction set
& 8 E-F RBF-Kernel B UVE-LS-SVM #% &Y 7 | ££ 45 R
Fig. 8 Prediction results of UVE-LS-SVM

model based on RBF-Kernel
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Detection of Citrus Granulation Based on Near-Infrared
Hyperspectral Data

LIU Yan-de. LI Mao-peng, HU Jun., XU Zhen, CUI Hui-zhen
School of Mechanical and Electrical Engineering, East China Jiaotong University, Nanchang 330013, China

Abstract The granulation of navel orange affects consumers’ taste and reduces its quality. It has attracted the attention of fruit
farmers and consumers. The detection of navel orange granulation is challenging and has great significance for quality
classification. In this paper, the different granulation degrees of Gannan navel oranges are used as the research object to explore
the qualitative determination of the granulation degree of Gannan navel oranges by using hyperspectral detection technology.
Since the degree of granulation of navel oranges cannot be judged by the naked eye, the samples of navel oranges are marked with
serial numbers, and then the spectrum is measured. Finally, the samples were cut to determine the degree of granulation.
According to the degree of granulation, it is classified as non-granulation (the granulation area is 0%); light granulation
(granulation area less than 25%); and medium granulation (granulation area 25% ~50%). Take 3 points uniformly at the
bottom of these three types of navel oranges., each with 174 samples, and a total of 522 sample data are used as the rows for
constructing the spectral matrix. The near-infrared hyperspectral imaging system was used to collect the hyperspectral image
information of the sample in the 397.5~1 014 nm band and then use the ENVI 4.5 software was used to extract the average
spectral information the sample by selecting the Region of Interest (ROI). Three dimensionality reduction methods: Principal
Component Analysis (PCA), Successive Projections Algorithm (SPA), and Uninformative Variable Elimination (UVE) are
used to reduce the dimensionality of the spectral data to eliminate irrelevant variables and extract useful information. The original
spectrum has 176 wavelengths. PCA selects 6 principal component factors. SPA selects 17 characteristic wavelengths, and UVE
selects 54 characteristic wavelengths. The full spectrum data and the variables selected by the three-dimensionality reduction
methods are used as input to establish Partial Least Squares Discriminant Analysis (PLS-DA) and Least Squares Support Vector
Machines (LS-SVM) model. In the established PLS-DA modeling method. the highest false positive rate of PCA-PLS-DA is
25.58% , and the lowest false-positive rate of UVE-PLS-DA is 5.38%. The LS-SVM modeling method is based on the two
kernel functions of RBF-Kernel and LIN-Kernel, and the effect of RBF-Kernel modeling is better than that of LIN-Kernel
generally. And the model established after UVE wavelength screening is better than other dimensionality reduction methods,
which reduces the model’s false positive rate. The UVE-LS-SVM model based on RBF-Kernel has the best effect and the highest
detection accuracy, and the total misjudgment rate of classification is 0. 78 % , achieves the best results. This study shows that
the established model can distinguish navel oranges with different granulation degrees. The model reduces the spectral dimension
while also reducing the misjudgment rate with only 30. 68% of the data, which is useful for promoting the quality of the navel

orange industry with certain practical significance.
Keywords Hyperspectral; Gannan navel orange; Granulation degree; Uninformative Variable Elimination
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