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Study on downscaling of multi-source soil moisture data in basins based on CNN//Li Qiaoling' , Li Xiaomei', Qiu
Juanjuan® | Liu Xingwen’, Tan Zhongcheng' (1. College of Hydrology and Water Resources, Hohai University; 2. Nantong
Branch of Jiangsu Province Hydrological and Water Resources Investigation Bureaw; 3. Xiaolangdi Multipurpose Dam Project
Management Center, Ministry of Water Resources)

Abstract; To obtain high-precision soil moisture data in basins, three types of soil moisture data from SMAP, AMSR2, and
CLDAS were integrated. Considering the effects of precipitation, normalized difference vegetation index, slope, and other
factors on soil moisture, a convolutional neural network (CNN) downscaling model for soil moisture that can consider the
spatial neighborhood relationship of auxiliary factors was established based on CNN, and the soil moisture data with a
spatial resolution of 1 km were obtained. The model was applied to the basin from Pushi County to Wugiangxi Dam site in
Hunan Province, and the results show that the spatial distribution characteristics of soil moisture data before and after
downscaling are consistent, and the soil moisture data after downscaling can correctly reflect the response of soil moisture to
flood events and add more spatial distribution details. Compared with the measured soil moisture data at soil moisture
stations, the mean bias, mean absolute error, and root mean square error of the downscaled soil moisture are —0. 061,
0.086, and 0.099 ¢m’/cm®. The CNN downscaling model also shows better stability in comparison with the results of the
random forest downscaling model.

Key words: soil moisture; downscaling; convolutional neural network; deep learning; the basin from Pushi County to

Wugiangxi Dam site
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Table 1 Basic information of soil moisture products
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Fig.2 Schematic diagram of data processing and model construction and application
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Table 2 Evaluation indexes of downscaled results

unit: cm’/cm’®

w4 BIAS MAE RMSE
inil -0.093 0.093 0. 095
FIREM | -0. 020 0.051 0. 068
THIR -0.125 0.128 0.131
R -0. 024 0.072 0.091
HIE -0.033 0.063 0. 089
Sk -0.102 0.113 0.132
VokE 0. 001 0. 069 0. 085
KRG -0. 094 0. 097 0. 100
P -0. 061 0. 086 0. 099
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