Soil Moisture Modeling and Spatial Resolution Enhancement of SMAP Satellite Data at the
Farm Scale Using Remote Sensing Data

Abstract

Nowadays, soil moisture estimation using SMAP satellite data is feasible at a temporal resolution of less than three days; however,
the spatial resolution of these data is relatively coarse. In this study, a downscaling approach was applied to enhance the spatial
resolution of SMAP soil moisture by integrating Sentinel-1 SAR and MODIS data. The study focused on estimating soil moisture
in maize fields through field measurements collected from five farms at the Megsal Agro-Industrial Complex in the Qazvin Plain
during the summer growing season of 2022. A Random Forest (RF) modeling approach was employed to estimate soil moisture,
and six scenarios were defined, each representing a different combination of indices derived from Sentinel-1 and MODIS data as
inputs to the RF model for SMAP soil moisture downscaling. The results indicate that among the evaluated scenarios, scenario RF6
in Farm 1 (M1) achieved the highest correlation with in-situ soil moisture (R = 0.97) and RMSE = 0.04_(cm?3/cm3), followed by
scenario RF5 with R = 0.96. The superior performance of RF5 and RF6 is attributed to the inclusion of t
and land cover maps. Moreover, the correlation between measured soil moisture and LAI was high (R Righlighting the
importance of vegetation indices in soil moisture estimation. Considering the limited availability of Wi moisture data
and the need for continuous maps to monitor small farms, applying downscalinggechniques can signifi i e accuracy
of SMAP data, making it a cost-effective and efficient tool for agricultural manaSgment and research.
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EXTENDED ABSTRACT

Introduction

Soil moisture is one of the primary determinants goveigi etween the land surface and atmosphere,
influencing plant growth, crop water use, and hydrological respons i vironments, particularly in semi-arid regions
such as the Qazvin Plain of Iran, the precise monitoring of surface so i undamental for optimizing irrigation practices
and maintaining crop productivity under increasing, water ecent advances in satellite remote sensing have
enabled large-scale estimation of soil moisture; ho imi s remain regarding the spatial resolution of passive microwave
sensors such as the Soil Moisture Active Passive ( issiolMY@Ithough SMAP provides soil moisture observations with a

revisit frequency of less than three days, its coarse
monitoring where the spatial variability of soil moistu

To address this Iimit&n downscalin
vegetation indices have been develop
1 SAR provides backscatter informatio

on without compromising temporal continuity. Sentinel-
ness and soil moisture, while MODIS products offer vegetation
and land surface paramel‘ potranspiration, and water retention. In this study, a multi-sensor
data fusion and machine-le ling approach was applied to estimate soil moisture at field scale in maize farms
within the Megsal agricultur®® co cally, the Random Forest (RF) algorithm was used due to its capacity to model
nonlinear relationships and its robus dling high-dimensional predictor variables.

at a depth of 0-308#¥ using the HH2 moisture probe. Sampling was repeated throughout the growing season to capture temporal
fluctuations associated with irrigation events and plant development.

Remote Sensing Data

Three categories of remotely sensed data were employed:

Data Source Parameter Spatial/Temporal Resolution
SMAP L3 Soil moisture 9 km/ 2-3 days
Sentinel-1 SAR c°VV backscatter ~20 m/ 6-12 days

MODIS NDVI, EVI, NDWI, LAI, LST, Albedo 250-1000 m / 8-16 days




Additionally, elevation and slope were derived from SRTM DEM to incorporate topographic variation influencing water
redistribution.

Downscaling Modeling Scenarios

Six predictive model scenarios (RF1-RF6) were developed based on incremental combinations of remote sensing
predictors, ranging from minimal configurations (LST and NDVI) to extended models incorporating vegetation indices, radar
backscatter, land cover type, and terrain parameters. The Random Forest algorithm was implemented in the Google Earth Engine
cloud environment. Model performance was assessed against ground measurements using:

e Correlation coefficient (R)
e Root Mean Square Error (RMSE)
e Mean Absolute Error (MAE)

e Normalized RMSE (NRMSE)

Results

Model performance varied substantially among the tested scenarios. Scenarios integra and land
cover information (RF5 and RF6) consistently produced the highest accuracy across i yielded the
strongest performance (R = 0.97; RMSE = 0.04 cmd/cm3), indicating near-exact corr woisture. RF5
followed closely (R = 0.96), reflecting the influence of canopy structure on soil moistu ‘

isture (R = 0.88). This

dynamics, in turn affects surface
ated lower accuracy (R = 0.51-0.75),
-scale moisture variability, especially during

The contribution of LAI was particularly significant, exhi
highlights the role of vegetation biomass in regulating can
moisture availability. Scenarios lacking vegetation paramet
confirming that soil temperature and backscatter alone are insuffici
mid-season crop growth.

iting a str‘ relationsigi
sha and transp

s effectively captured the progression of the maize
eclines during periods of high atmospheric demand. Models
(linear systems) compared to strip irrigation fields where

Temporal comparisons further revealed that downs
growth cycle, including moisture increases followi
performed more consistently in fields with uniform
uneven water distribution increased spatial heterogen

Q

Conclusion

This research d&o r
SMAP soil moisture signifit& i
downscaling approach produced hi
were included. T

-1 SAR and MODIS-derived vegetation and surface parameters with
I resolution and estimation accuracy at the field scale. The Random Forest—based
with measured soil moisture, particularly when LAI and land cover information

giCal assessment in semi-arid agricultural systems. The results underscore the value of
gap between regional-scale satellite products and field-level management needs.
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