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An Experiment for Surface Soil Moisture Mapping Using Sentinel-1
and Sentinel-2 Image on Google Earth Engine

Jihyun Lee (" - Kwangseob Kim (2?2 - Kiwon Lee (2)3*

Abstract: The increasing interest in soil moisture data using satellite data for applications of hydrology,
meteorology, and agriculture has led to the development of methods for generating soil moisture maps
of variable resolution. This study demonstrated the capability of generating soil moisture maps using
Sentinel-1 and Sentinel-2 data provided by Google Earth Engine (GEE). The soil moisture map was
derived using synthetic aperture radar (SAR) image and optical image. SAR data provided by the
Sentinel-1 analysis ready data in GEE was applied with normalized difference vegetation index (NDVI)
based on Sentinel-2 and Environmental Systems Research Institute (ESRI)-based Land Cover map. This
study produced a soil moisture map in the research area of Victoria, Australia and compared it with field
measurements obtained from a previous study. As for the validation of the applied method’s result
accuracy, the comparative experimental results showed a meaningful range of consistency as 4—10%p
between the values obtained using the algorithm applied in this study and the field-based ones, and they
also showed very high consistency with satellite-based soil moisture data as 0.5-2%p. Therefore, public
open data provided by GEE and the algorithm applied in this study can be used for high-resolution soil
moisture mapping to represent regional land surface characteristics.
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Fig. 1. Workflow to generate soil moisture using Sentinel-1 and Sentinel-2 images on Google Earth

Engine and ESRI land cover map.
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Fig. 2. Sentinel-1 (S-1) and Sentinel-2 (S-2) Analysis Ready Data on Google Earth Engine applied in this study (source:

https://code.earthengine.google.comy/).
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