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Fig. 1

(a): Day 0 navel orange; (b): Day 7 navel orange;

Hyperspectral image of navel orange sample

(¢): Day 14 navel orange
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Fig. 2 Comparison chart of representative spectra

of navel oranges with different shelf life
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Table 1 PLS-DA model results based on

spectral characteristics

o NS | T 4 15 A4 %

M R,
A% RMSEP ! /% EOR EITROHI4R
176 0.29  0.94 8 3 0 3

2 J& I T OGS R AE R B ST M I A R 2R LS-SVM
SRR, PR OR [ AZ SRR M % R RBF-Kernel,
SFRIEIZEL 6° O 6 359, ¥ O 59 078 M T I 4 5% ) A f G
WRHRA 5.33% ; B ks LIN-Kernel, XRS5 v A
L4 B WU AR IR B B ae my . RAERN 9.3% . LA, LS
SVM BRI, 4% s % RBF-Kernel i 95 ] 45 152 3] 2 5 1%

F2 ETREHUENLS-SYMERER
Table 2 LS-SVM model results based on

spectral characteristics

il A% - " BERH T 4 1R A B
WAL sy B
AN RIN ok HBITR HUKR
176 LIN-Kernel y=1.4 9.3 1 5 1
y=59 078, .
176 RBF-Kernel =6 350 5.33 2 1 1

X 1 RIER 2, J6uk B R ARAE 2 57 9 PLS-DA. LS
SVM [ Wi 7 ., RBF 4% pR 4 LS-SVM #E 47 @ AL I} 52 ) 3
AR B3 AT, RO [ B 48 0 BE A A A A B XS O
R8T R 14 R R 1000 4R (19 352 ) A~ B 43 31k 2
ATV IA S 2AE 0 R BR A N 7 R
B A TAE 7 RFBBORANE 0 RHFE. A 1405
14 KB 9 Wik F R4 7 KRB IE B, B B oK &
#5.33%,

3.0
2.5
E|
&R
ﬁ( 2.0
B
1.51
—— BRI
—— BRI
1.04 — AR
0 10 20 30 40 50 60 70 80
I S A it 4
B 3 LS-SVM d1 RBF-Kernel il &E S L E R
Fig. 3 The prediction set classification

results of RBF-kernel in LS-SVM
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Table 3 Results of PLS-DA model based on image features
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Table 4 LS-SVM model results based on image features
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Table 5 Results of PLS-DA model based on mixed features
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Research on Non-Destructive Testing of Navel Orange Shelf Life Imaging
Based on Hyperspectral Image and Spectrum Fusion

LIU Yan-de, WANG Shun
School of Mechatronics &. Vehicle Engineering, East China Jiaotong University, Nanchang 330013, China

Abstract Fruit shelf life is one of the important factors affecting fruit quality. Rapid non-destructive testing of fruit shelf life is
an increasingly concerned issue for consumers and food processing enterprises. In order to explore the feasibility of prediction and
discrimination methods for different shelf life of fruits, navel oranges with different shelf life were used as experimental samples,
and hyperspectral imaging technology combined with chemometric methods were used to predict and discriminate navel oranges
with different shelf life. The hyperspectral images of navel orange samples on day 0, day 7 and day 14 of the shelf life of navel
orange were collected and corrected. From the spectral point of view, the average spectrum of navel orange samples was
extracted, each spectrum had 176 wavelength points ; from the perspective of image, the R, G, B, H, S and I eigenvalues of
navel orange samples in RGB and HSI color space were extracted, and the mean values of six components were obtained. Then,
five image texture information of energy, entropy, contrast, inverse moment and correlation of gray level co-occurrence matrix
were extracted, and a total of 11 image eigenvalues were extracted, and the image features were normalized. Combining spectral
and image information, namely 176 original spectral and 11 image information, a total of 187 eigenvalues. Partial least squares
support vector machine ( LS-SVM ) and partial least squares discriminant analysis ( PLS-DA ) models were established by using
spectral information, image information, spectrum and image fusion information. When the original 176 spectral variables are
used as input variables and the kernel function is LIN-Kernel, the LS-SVM model has the best prediction effect, and the
misjudgment rate of prediction set is 5. 33%. When 11 image feature variables are used as input variables and the kernel function
is LIN-Kernel, the LS-SVM model has the best prediction effect, and the misjudgment rate of prediction set is 20%. When the
fusion features of the original 176 spectral variables and 11 image feature variables are used as input variables and the kernel
function is LIN-Kernel, the LS-SVM model has the best prediction effect, and the misjudgment rate of the prediction set is
1.33%. The experimental results show that the LS-SVM model based on spectral and image fusion information has the best
effect, which improves the accuracy of navel orange recognition in different shelf life, and can realize accurate and effective
classification and recognition of navel oranges in different shelf life. The misjudgment rate is 1. 33%. The rapid identification of
navel oranges in different shelf life by hyperspectral imaging technology has a certain degree of theoretical guidance for consumers
to purchase fresh fruit and fruit deep processing enterprises, and lays a foundation for the development of related instruments in

the future.
Keywords Hyperspectral; Non-destructive testing; Navel orange; Shelf life
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