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Table 1 A short overview of hyper spectral features of soil salinity
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and validation using GA-PLS
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Accuracy Analysis of GA-PLS based Soil Water Salinity
Hyperspectral Characteristics Mining Approach
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Abstract: Hyperspectral remote sensing data is one of effective ways which can be used to retrieve salinity
quantitatively in soil monitoring. But the quantitative structure-property relationship between soil salinity
and soil spectral reflection characters has not been found in yellow river delta region. Genetic Algorithm
with Partial Least Square kernel(GA-PLS)method is applied to mine spectral features of volumetric mois-
ture content(V %) and Electrical Conductivity (EC) using the in-stu salinity soil sampling in Yellow River
Delta region. MC simulation result shows GA-PLS method mines stable characters numbers and fitness un-
der different of water-salt level, which prove the robustness of the algorithm. Therefore, the spectral fea-
tures of V% exist in 365~425,500~515,720~740,755~765 and 955~965 nm bands,compared with the
spectral features of EC, appear in 370~385,405~425,500~535,650~660,755~760 and 1 030~1 050 nm
bands. According to the experiment result, through 4 different preprocessing approaches, water content
model and electric conductivity model of both PLS and GA-PLS are all evaluated by R?,Predicted Residual
Sum of Squares(PRSS) and Residual Predictive Deviation (RPD), GA-PLS models got the better point in
prediction accuracy rather than PLS regression. The continuum removal approach leads to the highest pre-
diction accuracy among all other preprocessing methods, with R*, PRSS and RPD equal 0. 88,9. 36 and
15. 80 in soil water content model and 0. 71,15. 68 and 13. 76 in EC model.

Key words: Genetic algorithm-partial least square (GA-PLS) ; Soil electrical conductivity; Hyperspectral;

Yellow river delta



