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Quantitative Analysis of Chemical Compositions of Fermented Grains of Chinese Liquor Based on
Least Squares Support Vector Machine (LS-SVM)
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(China National Research Institute of Food and Fermentation Industries, Beijing ~ 100015, China)

Abstract: Near infrared spectroscopy was used to predict the main chemical ingredients of fermented grains of Chinese
liquor by modeling. The established models were optimized for improved prediction performance. Latent variables (LVs)
were extracted by partial least squares (PLS) and used as the input variables of least squares support vector machine (LS-
SVM) for the establishment of NIR quantitative models to predict the alcohol, starch, moisture contents and acidity of
fermented grains. Furthermore, a comparison with the PLS models built with waveband selection using uninformative
variable elimination (UVE) was carried out. The results showed that compared with the PLS models, quantitative correlation
coefficients (R), root mean square errors of prediction (RMSEP), and relative percent differences (RPD) of alcohol, starch,
moisture and acidity showed better performances in the LS-SVM models, respectively. The accuracy of the LS-SVM models
in predicting unknown samples was significantly higher than that of the PLS models. In summary, the accuracy, stability and
prediction performance of the LS-SVM models were better than those of the PLS ones. This study can provide a new way
for quantitative analysis of fermented grains of Chinese liquor.
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Fig. 1  Results of UVE variable stability analysis
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Table3 The explained variance of the first 11 L'Vs for the four
properties by the best PLS models .
‘0
LVAN L PR P VER Ka> R
1 72.72 85.18 76.67 85.27
2 95.90 96.14 94.00 93.18
3 98.40 98.36 95.54 96.11
4 99.38 99.48 99.02 99.00
5 99.84 99.85 99.59 99.21
6 99.91 99.88 99.91 99.89
7 99.93 99.90 99.94 99.95
8 99.95 99.95 99.95 99.96
9 99.96 99.99 99.99 99.97
10 99.96 99.99 99.99 99.99
11 99.99 99.99 99.99 99.99
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