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Estimation of soil water content in situ by
using visible/near infrared spectrum modeling
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Abstract In order to collect the data of soil water content in situ real-timely and accurately, this study used visible/
near infrared (Vis/NIR) spectroscopy technology to estimate soil water content in situ rapidly, by global partial least
squares (PLS) modeling and local PLS modeling. The results showed that. For global PLS modeling, the decision
coefficient (R?) and root mean square error of cross validation (RMSECV) of the modeling set were 0. 943 and
1.750% ,respectively. The decision coefficient (R?) and root mean square error of prediction (RMSEP) set were 0.956
and 1.260% ,respectively. For local PLS modeling, two methods (i. e. , Euclidean distance method and Mahalanobis
distance method) for subset selection were used. The R? of the two methods were 0. 974 and 0. 979, respectively.
RMSEP were 0.976% and 0.943% respectively. This study suggests that it is feasible to measure soil water content in
situ by using the Vis/NIR spectroscopy technology. And the result of local modeling was better than that of global
modeling.
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Table 1 The estimation accuracy of models in different wave bands
B /nm A4 Modeling set KK & Test set
Spectral band R? RMSECV/ % R? RMSEP/ %
450~2 400 0. 848 2.945 0. 936 1.624
1 200~2 300 0. 860 2.833 0. 945 1.427
1 200~1 600 0. 851 2.930 0.930 1. 650
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2 000~2 300 0. 844 2.957 0.928 1.791
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Note: R? is decision coefficient; RMSECV is cross validation of root mean square error

RMSEP is prediction of root mean square error.
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