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NIR Spectroscopy Based on Least Square Support Vector Machines for
Quality Prediction of Tomato Juice

HUANG Kang, WAN G Hui-jun, XU Hui-rong " , WAN GJian-ping, YING Yi-bin
College of Biosystems Engineering and Food Science, Zhegiiang University , Hangzhou 310029, China

Abgtract  The application of least square support vector machines (L S SVM) regresson method based on statistics study theory
to the anaysis with near infrared (NIR) spectraof tomato juice was introduced in the present paper. In this method, LS SVM
was used for establishing model of spectral analys's, and was applied to predict the sugar contents (SC) and available acid (VA)
in tomato juice samples. NIR transmisson spectraof tomato juice were measured in the spectral range of 800-2 500 nm using In-
GaAs detector. The radial bassfunction (RBF) was adopted as a kernel functionof LS SVM. Sxty seven tomato juice samples
were used as calibration set , and thirty three samples were used as validation set. The results of the method for sugar contents
(SC) and available acid (VA) prediction were: a high correlation coefficient of 0. 990 3 and 0. 967 5, and a low root mean square
error of prediction (RMSEP) of 0. 005 6° Brix and 0. 024 5, respectively. And compared to PL Sand PCR methods, the perform-
ance of the L S SVM method was better. The resultsindicated that it was possble to built statistic models to quantify some com-
mon componentsin tomato juice usng near-infrared (NIR) spectroscopy and least square support vector machines (LS SVM) re-
gresson method as a nonlinear multivariate calibration procedure, and L S SVM could be a rapid and accurate method for juice

components determination based on NIR spectra.
Keywords NIR spectroscopy; LS SVM ; Tomato juice; Sugar contents; Available acid
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