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Soil Total Nitrogen Content Prediction Based on Gray
Correlation-extreme Learning Machine

ZHOU Peng YANG Wei LI Minzan ZHENG Lihua CHEN Yugqing

(Key Laboratory on Modern Precision Agriculture System Integration Research, Ministry of Education
China Agricultural University, Beijing 100083, China)

Abstract; In order to overcome the influences of multi-collinearity and absorbance non-linearity in near-
infrared spectroscopy on predicting soil total nitrogen content, the gray correlation-extreme learning
machine method was used to select the combination wavebands with good prediction capability to establish
high precision prediction model for soil total nitrogen content. First, the first derivative spectra was used
to get the sensitive spectrum area. And then the grey correlation sensitive wavelength selection method
was used to select wavelengths which were respectively 1 007, 1128, 1360, 1596, 1696, 1836, 2149
and 2 262 nm. Finally, by using the above sensitive wavelengths as input data, a soil total nitrogen
prediction model was established based on the method of extreme learning machine and multiple linear
regression. As a comparison, while using the traditional correlation analysis method to select the sensitive
wavelengths, the results showed that R? of the soil total nitrogen forecast model established by using gray
correlation-extreme learning machine was 0. 913 4, and the prediction R> was 0. 878 7. Tts accuracy was
higher than that of the traditional modeling method. It indicated that the gray correlation-extreme learning
machine method had more obvious advantages especially in the prediction of low soil total nitrogen
content.

Key words: near infrared spectroscopy; wavelength selection; gray correlation; soil total nitrogen;

extreme learning machine
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