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Fig. 2 Spectral acquisition system

@ Spectrometer; @: Light source; @: Y type fiber; @ : Computer
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Fig. 3 Schematic diagram of acquisition location
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Fig. 4 Average reflectivity curves of Qianxi tomato samples
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Fig. 5 Spectral average reflectivity curves
after preprocessing
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Final number of selected variables: 20 (RMSE=0.36714)
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' Table 3 Classification results of test set
AR 251 FEAKH I 1E A A H HEwh /%
2 0.8 1 A1 20 17 85
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eI 20 8 40
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0.5 1
0.4 - VIR0 92 43 SERITI 43 24
4.0 * * * % TR
0.3 . . . ; ; T : . . s o SERRUIZEAES K
0 2 4 6 8§ 10 12 14 16 18 20 * TRIIIZREE S 2K
Number of variables 3.51
0.235 7 b
( ) First calibration object E 3.01 * * Foke ¥ M 3 W ERETRTEETEITED W HH
0.230 1 O Selected variables L
0.225 1 5 251
02201 L IR E T
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0 200 400 600 800 1000120014001 6001800 Fig. 7 Classification results of training set
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Table 2 Classification results of training set
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251 40 34 85.0
j _ 1.0 TR A KAk — kKKK
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250 3 40 26 65.0 Samples of test set
K 40 15 87.5 H8 MitEHEER

Fig. 8 Classification results of test set
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Table 4 Optimized SVM parameters
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g 36.971 1

W G 5 T 1 4 1 T i b ) T 1 9 K 1
WA 5 TR 6. B Ay as R B WA 9 FIA 10,
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Table 5 Classification results of training set

FEAR ) FEARH T 1 # 4 H e/ %
201 40 40 100
K 2 40 40 100
25 3 40 40 100
o 4 40 40 100

IG5 FE 9. I EREA SRR 40 A3 160
A DA SR AP IR BN ESG . R 6 A 10, MR A A
ARHNAH 20 436 80 A, Hop e 1 B IE# K H Hy 19, M
T o 0 2% S 9500 5 2653 2 T IE 6 K H Ry 17 T A A % hy
8500 280 3 WP IEA K H A 12, B ER A 60065 %)
4 TN IE AR ECH S 17, B R R 8500,

F6 MAESEER

Table 6 Classification results of test set

FEARZE 51 FEASH T I G %k H e/ %
KA1 20 19 95
Ak 2 20 17 85
ESE 20 12 60
250 4 20 17 85
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w 257
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Fig. 9 Training set classification results
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Fig. 10 Classification results of test set
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Fig. 11 Accuracy comparison of training set A I R, 4h W) R 492,54, 521.78, 568.42, 672.55,

707.07, 719.75, 726.06, 732.94, 749.28, 788.52 A

Il SPA-SVM
1004 SPA-GWO-SVM 799. 47 nm;
(3)SPA {2 I I 5 10F 8 A o i A5 5t 57 3 % 1) L
20 B, Y258 4E 160 AREAS . B IE#%H J 95, BUF 1y
e SYHUER %N 59. 38 %5 Pk 4k 80 AREAS . B IE A Kk 1
2 601 Ho 89, BUMF-2 5 K HE B Ny 48. 75% 5
g CO RIS TR 2 FF i LB KL c A g IR
< 401 A 1 52 5 1 5L 4 2R TR0k Y1 2R A R A DI 5 . 11 5 4 1 05k
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207 B2 10096+ 83 4 R HUBL ME W SRR 05 7 40. 62945 90
0 TRAE P40 KM B 81, 2590, 30 £ 1 ik BLASE R o g R
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B 12 Rk EREmER L 5 405 S 2 WA 220 ARS8 A A T 0 0 48 5 2 4 1 B AL 1
Fig. 12 Accuracy comparison of test set SyAVERE. SCHLT R A Ve Y 2. Ol TR T A 2 A
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Abstract Qianxi tomatoes are rich in nutrition, tasting sweet, sour and delicious, different varieties of gianxi tomato’s flavor
and nutritional value is obviously different, especially lycopene, citric acid, vitamin C and amino acid content varies greatly and
the traditional artificial classification method of low efficiency, strong subjectivity, high rate of error detection and other issues
are pressing to be solved. Therefore, in order to screen the high comprehensive nutritional value and good flavor of the gianxi
tomatoes to achieve the rapid and accurate classification of the gianxi tomatoes, a classification model based on gianxi tomatoes
spectral features and a GWO optimized SVM algorithm was proposed to solve the problem of automated qianxi tomatoes
classification. In this study, a total of 240 gianxi tomatoes of four varieties were taken as the research objects, divided into 160
training sets and 80 test sets according to the ratio of 2 : 1. The gianxi tomatoes fruit reflective intensity in the range of 350 to
1 000 nm was obtained by using a visible/near-infrared spectral acquisition system, and the sample reflectance by spectrally
corrected was obtained and analyzed. The effective information of the gianxi tomatoes spectrum in the range of 481. 15 to 800. 03
nm was intercepted to enhance the signal-to-noise ratio. Since the modeling effect is affected by the interference of irrelevant
information in the data acquisition process, Savitzky-Golay (SG) smoothing pretreatment was performed with the smoothing
point to 3. After SG smoothing pretreatment, the characteristic wavelength variables are extracted by successive projections
algorithm (SPA), the reflectance of the optimal selected 11 characteristic wavelength variables as the input matrix X, preset
sample variables 1, 2, 3. and 4 as output matrix Y, the SPA-SVM qualitative classification model of gianxi tomatoes was
established. The average classification accuracy of the training set is 59. 38% , the test set is 48. 75%. On this basis, the gray
wolf optimization (GWQO) algorithm was introduced to train 160 samples training set, seeking the optimal penalty coefficient (¢)
and the nuclear function parameter (g) of the SVM. Based on the training results of the model, the classification results of 80
test set samples were predicted to establish the SPA-GWO-SVM qualitative classification model of gianxi tomatoes and the
average classification accuracy of the training set is 100%, the test set is 81.25%. The research results show that the
performance of the support vector machine model optimized by the grey wolf algorithm has been improved significantly. The
average classification accuracy of the training set is improved by 40. 62% , and the average classification accuracy of the test set is
improved by 32.50% , which shows that the gray wolf optimization algorithm can be used to improve the performance of the
support vector machine classification model and realize the classification of gianxi tomatoes. This study provides a new idea and

method for the rapid and accurate classification of gianxi tomatoes and other fruits and vegetables.
Keywords Visible/near-infrared spectroscopy; Qianxi tomato; Classification; Grey wolf optimization; Support vector machine
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