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Fast Nondestructive Discrimination of Yingde Black Tea Grade Based on
Fusion of Image Spectral Features of Hyperspectral Technique
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Abstract; Tea grade evaluation is an important technical index to detect the quality of tea leaves. By
extracting image features and spectral features under hyperspectral imaging technique of black tea, a fast
and nondestructive discriminative model based on the map fusion method was constructed to be applicable
to the grade evaluation of Yingde black tea. Firstly, three different grades of black tea samples were
prepared, and the spectral data were visualized by dimensionality reduction using ¢-distributed stochastic
neighbor embedding and principal component analysis, and then the characteristic wavelengths of each
chemical value were extracted from the perspective of influencing the intrinsic quality by successive
projections algorithm, followed by the best combination of characteristic wavelengths characterizing its
intrinsic quality by multi-model consensus strategy and competitive adaptive reweighted sampling —
successive projections algorithm screening, followed by the establishment of a genetic algorithm

optimization support vector machine based grade discrimination model, and the accuracy of its model was
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88% for the training set and 78.33% for the prediction set. In order to fuse the shape and texture
differences, the hyperspectral image corresponding to the best feature wavelength combination were firstly
extracted; and then the image mask was used to eliminate the interference of the background and the
principal component analysis was used to eliminate the redundant information between multi-wavelength
images, and then the gray level covariance matrix and local binary pattern algorithms were used to extract
the three-dimensional principal component images before principal component analysis and fuse them with
feature spectra, moreover, the genetic algorithm optimized support vector machine grade discrimination
model based on feature fusion was established, and the best discrimination effect was based on the third
principal component image feature fusion model, which the accuracy of the training set was improved to
be 98% and the accuracy of the prediction set was improved to be 96. 67% .

Key words: black tea grade; fusion of image spectral features; principal component analysis; support

vector machine; hyperspectral imaging
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Tab.1 Sensory evaluation criteria for each grade

of black tea
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Tab.3 Six chemical values corresponded to SPA characteristic wavelengths

=t A I B /N TR R 2 Xt g )4 AE 3 K/ nm
RILAFE & 7 7.47 990. 72,1 137.80,1 368. 75,1 475. 43,1 665. 88,1 710. 612,1 855. 87
IR S Sy 8 4.84 1137.80,1301.27,1660. 18,1 721. 80,1 800. 03,1 855. 87,1 872. 61,1 922. 84
LR & 7 17. 65 1132.16,1301.27,1509. 08,1 665. 88,1 716.21,1 867. 03,1 939. 58
KW 7 4.01 1211.15,1278.76,1 402.46,1593. 12,1 671. 47,1 939. 58 2 045. 54
EGCG % 4t 7 24. 06 1092.60,1211.15,1357.51,1469.82,1621.11,1721. 80,2 039. 96
ECG % 6 7.69 1089.26,1469.82,1649.09,1 827.95,2 028. 81,2 145. 88

K 6 Fh Ak E I R AE 4 o0 SR S i A
M, GA — SVM 2L 28 S g H IR AY . SR ] KS 2%
Fe 5: 280 oy B 4 N ZREERE A 150 4,3 Bl A g A%
25 50 A, T AR FEA 60 4,3 BB AF g4 it 45 20
A56 P Ak 2 A8 X R R AE B K Y A 4 R 3R 4
i

x4 BUFEFTERKERER
Tab.4 Single chemical characteristic wavelength

modeling results
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Tab.5 Discriminant results of combined model
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Fig.7 CARS feature wavelength secondary extraction
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Fig.8 Prediction set discrimination results of CARS

feature wavelength quadratic screening model

ML T AR, 24 R AE R 30 R, Hde /N2y
R iR £ ( Minimum root mean
minRMSE ) 2y 0. 427 8 ;38 i CARS Y fifi 3 1 % <
ol 8 A FRAE P L) R B IT 10% o i 18] 8 W]
R, HCARRAIE A AR VI 2 4 10 ) G R R i
88% , T 42 1) 4] ) o 1 R 4 s 2 81. 67 % , AR T
— BB TUARBEAC M8 A5 R AIE A A B B R o 4 ) )
HHERLL TR, il RENRMENRKHAS N
1137.80.1 278.76.1 301.27 .1 368.75.1 469.82,
1593.12,1 671.47 .1 855.87 nm, J #1100 ~
1300 nm BT A9 OE IS R AR E R 5K Z WA K,

squared error,

1300 ~ 1900 nm {56 1% )2 9 % 332 & 1 EGCG .
ECG EC “5{k22 {531 C=H 0 =H N =H F fig
VT 7= A 1 3t 80 0 A 300 I AT T Y, T A R
i Y R AR K TR ORE 6% RS ME Hb 3R AR Y 7E R
FFAE o
2.4 ETEESEMREEANEESH

A5 W A G it J5T IR AL 4 PN ST, AL A A
fiE o BEMRARE 22 S 2 o f R B 2 —  RR R K
Xof 17 1 e T R an 18 9 T

9 FRRIE A A LAY o i [ 1R

Fig. 9 Hyperspectral image corresponded to

characteristic wavelength
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Fig. 12 Image analysis of LBP texture image after PCA
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Tab.6 Discriminant results without PCA image analysis
FRRHAE AR BefEem UIgR@EuERR/ TR
ik HET B % R/ %
GLCM 5.68 4.03 91.33(135/150) 88.33(53/60)
84.67(127/150) 80.00(48/60)

LBP 6. 17 4.55
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Tab.7 Discriminant results of atlas fusion model

for PCA feature extraction
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PCI 5.48 6.17 89.33 86. 67
PC2 GLCM 4.83 4.73 94. 67 90. 00
PC3 4.07 1.18 98. 00 96. 67
PC1 5.02 6.17 88. 67 86. 67
PC2 LBP 4.97 6.54 84.00 81. 66
PC3 6.00 8.79 86. 00 80. 00
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Fig. 13 Best prediction set discriminant results
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