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Abstract

Soil moisture is an important parameter in the research of hydrology, meteorology and agriculture, especially in
crop yield estimation model and agricultural drought monitoring research. A great deal of research work has been
done on the research of soil moisture retrieval algorithm. However, due to many factors affecting the soil moisture
on the surface, part of algorithms still have some shortcomings. Based on the analysis of previous inversion algo-
rithms, this paper summarizes the advantages and limitations of different methods, and proposes to use the convolu-
tional neural network (CNN) to perform soil moisture retrieval to overcome the limitation of traditional soil moisture
retrieval methods and improve the accuracy. Taking the passive microwave AMSR2 data as an example, the model
framework of soil moisture retrieval based on CNN and the analysis of AMSR2 soil moisture product algorithm is
constructed to improve the versatility and accuracy of soil moisture retrieval method. The accuracy of deep learning
CNN depends primarily on the training and testing sample databases. However, passive microwave pixels have low
resolution and it is difficult to obtain ground-based measured data synchronized with the satellite. We selected a
number of surface soil moisture observation stations in different regions and AMSR2 soil moisture products as a ref-
erence to obtain the ground synchronization data, thus overcoming the problem of ground synchronous observation
data. The AMSR2 brighiness temperature data and corresponding soil moisture data at ground-based observations
are randomly divided into training and testing databases. When the CNN chooses a combination of two layers of two
convolution layers with 3000 iterations in iterative training, the overall accuracy of network inversion is the highest.
The test sample show that the root mean square error (RMSE) of CNN retrieval soil moisture and ground observa-
tion data is 1. 1178% , which show a high correlation (R =0.8685). The CNN retrieving results are verified by the
in-suit data from the ground stations, which show that the average relative error is 39.25% . The average relative
error of CNN is 10.24% lower than JAXA and ground — based value, which shows that the accuracy of passive mi-

crowave soil moisture retrieval based on CNN is obviously improved.

Key words: deep learning, convolution neural network ( CNN) , passive microwave, AMSR2, soil moisture
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