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Simulation and Analysis of Soil Water Dynamic Change Based on
Least Square Support Vector Machine

DENG Jiarqiang', CHEN Xiae-min', WANG Bai-ren’, HUANG Jing’, DU Zhen-jie', ZHANG Yong'
(1. College of Resources and Environmental Sciences, N anjing Agricultural
University, Nanjing, Jiangsu 210095, China; 2. National Observation and Research Station of
Farmland Ecosystem of Qiyang, Chinese Academy of A gricultural Sciences, Qiyang, H unan 426182, China)

Abstract: Soil water dynamic change is significant to water cycle research and agricultural production. The
least square support vector machine and the meteorological factors were used to train, test, and simulate soil
water dynamic change in red soil region. Results showed that the least square support vector machine had
more reliabilities and advantages of simulation performance and mathematical meaning than the neural net
works. Therefore, soil water dynamic change was simulated by the least square support vector machine and
its trend was extracted by bior 3. 3 with five layers of wavelet decom position. T he trend of soil water dynam-
ic change can be divided into four stages which can provide a scientific basis for the water utilization and soil
moisture prediction in the study region.

Keywords: least square support vector machine; soil water dynamic simulation; meteorological factor; wavelet
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