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Soil Moisture Inversion and Downscaled Data Fusion Based on RF—EnKF

WU Xionghui', ZHAO Ruoyan', WANG Jian'
(1. College of Geography and Planning, Chengdu University of Technology, Chengdu 610059, China)

Abstract: Soil moisture is not only an important variable in land surface interaction, but also plays an important role in water cycle and water
resources management. At present, the soil moisture inversion based on machine learning and the downscaling of soil moisture product data have
become two popular methods to obtain the continuous spatial distribution of soil moisture. However, how to effectively integrate the advantages
of two methods to obtain more accurate and reliable soil moisture distribution needs further research. In view of this, taking the Inner Mongolia
Lightning River basin as the study area, taking NDVI, LST and backscattering coefficient as supplementary data, combining the RF and EnKF,
we fused the soil moisture data obtained from the inversion and downscaling to obtain a 1 km resolution soil moisture in the study area, and
evaluated and verified the effectiveness of model by combining the field observation data. The results show that (Dthe data fusion method based
on EnKF algorithm can simultaneously take advantage of the strengths of inversion and downscaling, and further improve the accuracy of spatial
distribution prediction of soil moisture. The correlation coefficient R for the inversion result is 0.52, and RMSE is 0.018 m’/m’, while for the
downscaling result R is 0.37 and RMSE is 0.022 m’/m’. After fusing the two results, R increases to 0.71 and RMSE decreases to 0.010 m’/m’.
(2 The soil moisture in most areas of the basin is less than 0.20 m*/m’, and the soil moisture in the high-altitude area of the southern edge is
higher. Combined with the importance analysis results of RF features, NDVI, precipitation and DEM have significant control effects on the
spatial distribution of soil moisture. This study provides a new idea for accurately obtaining the spatial distribution of soil moisture, and provides
a reference for the application of water resources management in Shandian River basin.
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