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BV Lhiloa Ao, by X soil moisture with a spatial resolution of 100 m on the southern part of the Great Hungarian Plain (Figure 1). Hourly in-situ data was
Ereco3700 HD72 2OV § reidhn | collected from 40 ground stations of the national drought monitoring network of Hungary, on average 15 km apart, at 10 cm depth.
Figure 1. Location of the SM montoring stations in the study area | The SSM1km product by VITO provided relative soil moisture content in percentage for the top 5 cm layer derived from Sentinel-1 |
| satellite data. The analyses included other environmental data that affect soil moisture, such as meteorological parameters from the |
Input data set | ground stations (e.g. precipitation, temperature, evapotranspiration), soil characteristics from HU-SoilHydroGrids database (e.g.
SV data was measared hourly at 10 cm denth by soil molsture sensors measuring the saturatgd \{vater co.ntent, field capacity, vylltlng | point, saturated hydraullc. conductivity and van Genuchten pajrameters), and
soil dielectric permittivity, from which daily averages were calculated. /| vegetation information extracted from Sentinel-2 imagery. The database consists of almost 12000 records of 12 variables at the 40
In-situ soil moisture | locations for each date during a three-year interval (2021-2023) (Table 1).
Copernicus SSM1km CGLOPS-1 satellite-based SSM data with a 1 km spatial
resolution
Methodology
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RSP A statistical analysis of the relation between ground-based soil moisture, precipitation data, and satellite-based soil moisture
entinel-Z satellite data . ), 8
(S1SSM) was performed. The study also determines the importance of the input datasets and parameters of the model, and also
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- ° o R - 10.79) discusses the feasibility and limitations of using Sentinel-1 data for soil moisture monitoring by data fusion. Four machine-learning
The precipitation was measured hourly by weight-based rain gauge with an accuracy : 3 \ s
of 0.1 mm, regardless of the precipitation state at the stations of Hungarian drought approaches for regression were assessed in the research. Deep neural network (DNN), Support Vector Machine Regression (SVR),
monitoring network, from which daily averages were calculated. Multi Linear Regression (MLR), and eXtreme Gradient Boosting (XGBoost) models were trained and applied to the derive soil
Precipitation (0.59) ~| moisture values (Figure 2). The importance of the input parameters of the XGBoost model was evaluated using the SHAP method.
The applied evapotranspiration data was estimated using the daily temperature, .
potential evapotranspiration, and the previous day’s water reserve. Data are 1 )
available at https://aszalymonitoring.vizugy.hu/ e RESUItS and dISCUSSIOn
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vapotranspiration (1.60) The correlation (R2) between the precipitation of the preceding periods and the observed SM and S1SSM values ranged from weak
The temperature was measured hourly by sensors at 2 m height, following to moderate-strong (on average 0.33 and 0.52, Table 2). Among the tested machine-learning methods, XGBoost delivered the best
meteorological standards, from which daily averages were calculated. : 4 ; 2 .
- : 3.69) outcomes for estimating surface soil moisture (R* values were 0.59, 0.72, 0.82 and 0.92 for the MLR, SVR, DNN and XGBoost models,
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, , _ - respectively). For most ground-based monitoring stations, the difference between the modelled and observed soil moisture values
HU-SoilHydroGrids data of the saturated hydraulic conductivity, water content at \ g v ] b . i
saturation, field capacity, wilting point and the van Genuchten parameters for the top was less than 3%, while more than 5% difference was noted at just five stations (Figure 3). The difference between the observed
30 cm. S1SSM and the modelled values showed a high degree of consistency, with differences below 10% across 45.5% of the area, while
Saturated hydraulic conductivity (KS) (0.84) | larger differences of over 20% occurred in just 27.1% of the region (Figure 4). The analysis indicated that the XGBoost algorithm,
Saturated water content (pFo0) (0.77) ‘| when utilizing both ground-based soil moisture and meteorological station data, spatially continuous soil properties, and vegetation
Field capacity (pF2.5) (0.43) . | data (e.g., NDVI), shows great potential for monitoring surface soil moisture over larger areas. The analysis highlighted the potential
Wilting point (pF4.2) (0.96) | application of S1SSM data in agriculture for soil moisture monitoring. The developed soil moisture model and the observed S1SSM
values are well-aligned in regions with less diverse land use, predominantly agricultural lands (e.g., arable lands, vineyards,
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grasslands). However, results indicate that estimating surface soil moisture using Sentinel-1 data fusion may be influenced by land
Table 1. Summary of the applied input datasets (XGBoost SHAP values) \us.e and/or soil types (Figure 4), although the distinct impact of land use and sandy soils warrants further investigation. /
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SM x PRES 0.30 S1SSM x PRES 0.43 > Figure 4. Spatial pattern of the observed S1SSM values (A) and the
SM x PRE7 0.34 S1SSM x PRE7 0.44 modeled values (B), their differences on the selected summer day (July ¥
SM x PRE7 0.37 S1SSM x PRE7 0.52 13, 2023) (C), the correlation between the ground- and satellite-based 3
(November-March) (November-March) data at the monitoring stations (D), and the spatial pattern of sandy .
Table 2. Correlation between the observed SM and S1SSM values and | Figure 3. Comparison of the 100-m resolution continuous prediction soils (E) and selected land cover categories (F) i
the preceding 3-, 5-, or 7-day precipitation for the 2021-2023 period / | K and the daily average SM of the ground-based monitoring stations /
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