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Fig. 1 Raw spectra of Cabernet Sauvignon

in different harvest stages
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Fig. 2 Mean raw spectra of Cabernet Sauvignon

in different harvest stages
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Table 1 Statistical results of total phenol content of Cabernet

Sauvignon in different harvest stages (mg « g~')

WAV HEA%E  RRME R/ME PHE AR
1 40 28.01 14. 65 18.99 2. 956
2 40 28.96 17.07 22.20 2.919
3 40 29. 64 11.23 24. 61 3.366
4 40 34.85 19. 86 28.10 3.576
5 40 32. 64 17.12 25. 68 4.397
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Table 2 Results of ELM modeling for the total phenol content

with different pre-treatment methods
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R. RMSEC R, RMSEP
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SNV 0.725 4 3.313 9 0.654 3 3.0391  1.3223
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Fig. 4 Characteristic wavebands selected by CARS algorithm

(a): Variation of the number of selected wavelength variables; (b): Variation of RMSECV;

(¢): The changing trend of variable regression coefficients
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Table 3 Performance comparison of different

activation functions

WO B

Sigmoid

BATIF
] /s
34. 39
33. 84
33. 46

RMSEC R. RMSEP R, RPD

2.196 0 0.893 3 1.8615 0.8783 2.0914
Sine 2.6027 0.846 4 1.946 6 0.866 0 1.999 9
Hardlim 3.432 4 0.7108 3.6324 0.3744 1.0785
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Fig. 8 The influence of the number of neurons in different

hidden layers on the performance of the model
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WA G RAENREZE L0500 50, 54 MSC+GA+
GA-ELM, MSC + si-PLS + GA-ELM, MSC + SPA + GA-
ELM X = F BI04, 78 18 & 2 0 4 o0 A BRI RE B 8 50
BF . T BE T AR R, LS SR BB R B R M &
JEAERBE R 50,
2.6 BEEREHW

2 MSC 4b B 5, I CARS, GA, si-PLS fl SPA & 3%
i 3 1 ok 1 A AR BEEAR 0 69, 168, 413 150, f4 G i th
o B W AR i A AR 4y i g r ELM fl GA-ELM 15 45
R, WA R NER 4 R . FERRAE DA SR HO T, 4 SPA SR
T2 07 3 R 1 D AR LR H R b g ST R R AN T 45 SRR
s HR AT RE S 26 SPA fiff i H Ok 19 50 AN HRRAE I K b 5 Rk
5 TR B T K 6 A0 308 0 O 90 0K 2 Rl B s i R R R T
TII AR s 48 si-PLS 5 2% 0 %8 o i 4 A I K 8 0 H i
%, AR JRAE X SE G AU A N AT A7 7R L R M AR i AT B
[ IO RE J7 B AE s 22 CARS #2HH Sk 19 69 A48 7t #8571
R 25 R B F A A R ELMAR BRI R, 5 0. 824 5,
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Table 4 The prediction results of ELM and GA-ELM models

Prediction Selection Variables Calibration sets Prediction sets
RPD
models methods number R. RMSEC R, RMSEP
CARS 69 0. 856 3 2.524 2 0.824 5 2.203 2 1.767 0
ELM GA 168 0.763 8 3.158 8 0.732 8 2.603 8 1.469 5
’ Si-PLS 413 0.733 4 3. 346 4 0.669 9 2.778 2 1.346 9
SPA 50 0.742 7 3.216 4 0.731 4 2.847 1 1. 466 4
CARS 69 0.901 7 2.112 4 0.901 3 1. 686 8 2.308 0
GA 168 0.835 6 2. 688 8 0.834 7 2.107 3 1. 815 8
GA-ELM
Si-PLS 413 0.798 7 2.962 2 0.719 1 2.600 3 1.375 4
SPA 50 0.854 7 2.493 7 0.844 9 2.233 4 1. 869 3
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Quantitative Analysis of Total Phenol Content in Cabernet Sauvignon
Grape Based on Near-Infrared Spectroscopy

LUO Yijia', ZHU He', LI Xiao-han', DONG Juan', TIAN Hao', SHI Xue-wei', WANG Wen-xia’, SUN Jing-tao'*
1. College of Food Science, Shihezi University, Shihezi 832003, China
2. College of Mechanical and Electrical Engineering, Shihezi University. Shihezi 832003, China

Abstract The contents of total phenol in wine grape are an important indicator of grape quality and also a key factor of wine
quality directly. To detect the total phenol contents of the cabernet sauvignon grape quickly and accurately, this paper used
near-infrared spectroscopy and GA-ELLM prediction model to predict the total phenol content of Cabernet Sauvignon grapes. In
the experiment, Cabernet Sauvignon grapes were collected in 5 harvest periods (40 bunches were collected in each harvest
period, and 10 grapes were acquired in each cluster), and near-infrared spectra information in the range of 12 500~4 000 cm '
was collected for 200 groups of grapes. The total phenol content of Cabernet Sauvignon grapes was determined based on the
principle of Folin-Ciocalteus colorimetry, SPXY algorithm was used to divide the samples into correction sets and prediction sets
at a ratio of 3 ¢ 1, with a total of 150 correction sets and 50 prediction sets. Multiplicative Scatter Correction (MSC) , Standard
Normalized Variate (SNV), Mean Centering (MC), Moving Average (MA), and the First Derivative +SG was used to prepro-
cess the raw spectra, MSC was compared as the best pretreatment method. And then. competitive adaptive reweighted sampling
(CARS), genetic algorithm (GA), successive projections algorithm (SPA) and synergy interval partial least squares (si-PLS)
were extracted the characteristic wavelengths, respectively. The comparative analysis found that the 69 characteristic wavelength
variables extracted by CARS could effectively improve the model” s stability and prediction ability. Based on the MSC and
different variable optimization methods, the extreme learning machine (ELM) algorithm was introduced to establish the total
phenol content prediction model. In predicting total phenol content, a genetic algorithm (GA) was used to optimize the ELM
model and the influence of different kernel functions and the number of hidden layer neurons on the prediction ability of the
GA-ELM model investigated. The optimal kernel function was Sigmoidal, and the optimal number of neurons was 50. Finally,
the prediction capabilities of the ELM and GA-ELM models were compared. The results showed that GA-ELM models were
more accurate in predicting than the ELM models, and the MSC + CARS + GA-ELM model was the best with a correlation
coefficient of calibration (R.) of 0.901 7, the correlation coefficient of prediction of 0. 901 3. the root mean square error of
calibration (RMSEC) of 2. 112 4, the root mean square error of prediction (RMSEP) of 1. 686 8 and residual prediction deviation
(RPD) of 2.308 0. The combination of variable optimization methods and the GA-ELM model was an effective method, which

provided a theoretical basis for detecting Cabernet Sauvignon grapes’ quality.

Keywords  Variable optimization; Cabernet sauvignon grapes; Total phenol; Extreme learning machine; Near infrared

spectroscopy
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