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ABSTRACT

The accurate understanding of spatial distribution and changes
occurring in the surface soil organic matter is essential for land use
planning and other activities related to agricultural management and
environmental protection. In this study, LANDSAT 8 and LANDSAT
5 images were used to derive a set of spectral indices. Additionally, a
digital elevation model was employed to derive relevant topographic
indices related to soil organic matter. A large dataset of field
measurements for organic matter values, synchronized with satellite
image dates, and using Random Forest Algorithm RFA for determining
the spatial distribution of organic matter in the soil of the study area.
This area is part of the Syrian desert and spans between the Deir ez-Zor
and Homs governorates. The study investigated changes in surface soil
organic matter in the study area from 2003 to 2022, with a three-year
time interval. The study demonstrated the effectiveness of using RFA
and various remote sensing data to predict the amount of soil organic
matter ratios over different time periods, thus assessing changes in

surface soil organic matter within the studied region..

Keywords: Organic Matter, Satellite images, Random Forest, Syrian
desert, Remote sensing.
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