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Abstract: The increasing interest in soil moisture data from satellite imagery for applications in
hydrology, meteorology, and agriculture has led to the development of methods to produce variable-
resolution soil moisture maps. Research on accurate soil moisture estimation using satellite imagery is
essential for remote sensing applications. The purpose of this study is to generate a soil moisture
estimation map for a test area using KOMPSAT-3/3A and KOMPSAT-5 SAR imagery and to
quantitatively compare the results with soil moisture data from the Soil Moisture Active Passive (SMAP)
mission provided by NASA, with a focus on accuracy validation. In addition, the Korean Environmental
Geographic Information Service (EGIS) land cover map was used to determine soil moisture, especially
in agricultural and forested regions. The selected test area for this study is the western part of Jeju,
South Korea, where input data were available for the soil moisture estimation algorithm based on the
Water Cloud Model (WCM). Synthetic Aperture Radar (SAR) imagery from KOMPSAT-5 HV and
Sentinel-1 VV were used for soil moisture estimation, while vegetation indices were calculated from the
surface reflectance of KOMPSAT-3 imagery. Comparison of the derived soil moisture results with SMAP
(L-3) and SMAP (L-4) data by differencing showed a mean difference of 4.13+3.60 p% and 14.24+2.10
p%, respectively, indicating a level of agreement. This research suggests the potential for producing
highly accurate and precise soil moisture maps using future South Korean satellite imagery and publicly
available data sources, as demonstrated in this study.
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Fig. 1. Workflow for soil moisture estimation and result validation.
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Fig. 2. Summary of WCM for soil moisture estimation.
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Fig. 3. The study area and the SMAP data coverage.
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Fig. 4. Input data for soil moisture estimation. (a) Land cover map. (b) NDVI result by KOMPSAT-3.
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Fig. 5. Soil moisture map generated in the study area including A, B, and C for SMAP data.
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Fig. 6. Statistics of soil moisture estimation: (a) boxplot (37.32-1.70) and (b) histogram.
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