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The regional assessment of near-surface soil moisture is essential for agricultural and environmental
monitoring. Although it frequently facing difficulties due to insufficient in-situ measurements. This
study investigates a machine learning approach to predict soil moisture fracture utilizing publicly
accessible remote sensing data, such as vegetation indices, land surface temperature and topography
details. An example dataset from an agricultural region in northwestern Spain (Zamora region)
including satellite observations with in-situ measurements, functioned as a testbed for creating an
Extreme Gradient Boosting model. The model showed a promising ability to predict soil moisture using
transferable data. The initial findings suggest that the methodology can provide insights for regional
soil moisture evaluation, helping applications such as drought monitoring and water resource
management, especially in places where direct measurements are not available. Further validation in
different settings is required to determine wider applicability.
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Introduction

The assessment and ongoing control of near-surface soil moisture (SM) are essential for a wide range of
applications, including agricultural water management, drought evaluation, and understanding land-
atmosphere interactions. This necessity is critical in regions where direct field campaigns are constrained,
such as in areas recovering from war that require extensive environmental characterization for post-war
reconstruction (e.g., Imtiaz et al., 2024). In such contexts, monitoring water availability is paramount for
rebuilding resilient agricultural systems. However, traditional in-situ measurements, including the use of
geological-geophysical methods (Pigulevskiy et al., 2016; Tiapkin et al., 2025), while precise, are often
too sparse or impractical for the required regional evaluation. Remote sensing provides a promising
solution, offering a safe and effective means to acquire reliable and geographically comprehensive data
on land surface metrics inherently associated with SM dynamics (Lamichhane et al., 2025).

To estimate soil moisture remotely, this study relies on several satellite-derived proxies that capture
different aspects of the land surface condition. The health and water content of vegetation are key
indicators, as well-hydrated plants typically correspond to higher soil moisture availability. We assess
these using weekly data from the high spatial resolution Copernicus Sentinel-2 mission (European Space
Agency, from https://sentinels.copernicus.eu/web/sentinel/copernicus/sentinel-2). Specifically, we
calculate the Normalized Difference Vegetation Index (NDVI) to measure vegetation "greenness," the
Normalized Difference Water Index (NDWI), and the Normalized Difference Moisture Index (NDMI) to
assess water content within the plant canopy. Similarly, Land Surface Temperature (LST), retrieved
weekly from the thermal sensors on the Landsat-8 satellite (U.S. Geological Survey, Landsat 8 Collection
2 Level 2 Science Products. from https://www.usgs.gov/landsat-missions/landsat-collection-2-level-2-
science-products), provides another crucial clue - wet soil and transpiring vegetation are cooler than their
dry, stressed counterparts. Finally, static landscape characteristics are accounted for using the Topographic
Wetness Index (TWI), which is derived from elevation models (NASA Jet Propulsion Laboratory (2020).
NASADEM Merged Digital Elevation Global 1 arc second (Version 1). NASA EOSDIS Land Processes
DAAC. from https://lpdaac.usgs.gov/products/nasadem_hgtv001/) and indicates how terrain influences
water accumulation (Yamazaki et al., 2022).

The idea is that a machine learning (ML) model can learn the intricate, non-linear correlations between
these diverse proxies and actual ground conditions. To test this, we developed a generalizable model using
a dataset from the Zamora province, Spain, covering the April-October period from 2017 to 2024. This
dataset was created by collocating the satellite-derived predictors with in-situ soil moisture measurements
from the International Soil Moisture Network (ISMN). The goal is to create a model that can deliver
accurate SM predictions in regions without ground-truth data, based solely on these transferable remote
sensing and topographic features.

The region, with its documented environmental characteristics and available parametrized data, serves as
a suitable test playground. The research employs an Extreme Gradient Boosting (XGBoost) approach and
feature engineering to capture non-linear relationships from satellite-derived indices and topographic
information, coupled with hyperparameter tuning. The main objective is to assess the predictive accuracy
achievable with a model designed for broad applicability, using a transferable set of features. The findings
might contribute to the methodology for regional SM estimation, with potential relevance for different
geographical settings where direct SM measurements are not available.

Method and Theory

The approach includes gathering and building an initial dataset for the Zamora province in northwestern
Spain, covering the April-October period for 2017-2024, selected due to the availability of in-situ and
remote sensing data. The target variable - soil moisture fraction (at 0-5 cm depth) was taken from the
International Soil Moisture Network (ISMN) within the REMEDHUS network (Dorigo et al., 2021). Only
"Good" (G) quality-controlled hourly measurements were processed to derive a median value across
probes per station, subsequently selecting the measurement closest to solar noon for dates corresponding
to satellite acquisitions.
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Predictor variables were generated using Google Earth Engine (GEE) from established Earth Observation
programs. The Copernicus Sentinel-2 mission provided high spatial resolution optical imagery by measuring
reflected light in different parts of the spectrum, including visible, near-infrared (NIR), and short-wave
infrared (SWIR). These measurements allow for the calculation of indices related to vegetation "greenness"
and moisture content. Land Surface Temperature (LST) was derived from thermal infrared sensors aboard
the joint NASA/USGS Landsat-8 mission, which measure heat emitted from the Earth's surface. Figure 1
provides a spatial overview of these key predictor variables for a representative date within the study area.

NOVI (Band 1) NOWI (Band 2)

s & : s

LST (Lang Surface emparature, *C)

) ° ° °
1 4 4 4 2
NOMI (Normaiaed Difference Morsture indes)

¥

() Cpensireecap contrtasers

Figure 1 Example of input remote sensing predictors (NDVI, NDWI, NDMI, LST,

From the satellite data, weekly median composites of vegetation indices:
* Normalized Difference Vegetation Index (NDVI);

NDVI = NIR — Red
" NIR + Red
* Normalized Difference Water Index (NDWI);
NDWI = Green — NIR
" Green+ NIR

* Normalized Difference Moisture Index (NDMI);

NIR — SWIR

NDMI = S T SWIR

The indices were derived at 20m resolution from the Sentinel-2 SR Harmonized data, with cloud/shadow
masking via the Scene Classification Layer. Similarly, weekly median LST composites were generated from
Landsat-8 Collection 2 Tier 1 Level-2 products at 100m resolution, converted to degrees Celsius and cloud-

masked. A static Topographic Wetness Index (TWI), calculated as TWI = In (ﬁ

using Specific Catchment Area (SCA) from MERIT Hydro (90m) and slope (in radians) from NASADEM
dataset. All the mentioned data points were collocated with the corresponding in-situ SM measurements by
station coordinates and date to form the final tabular (CSV) dataset.

), was derived
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To enhance model performance, feature engineering was applied. The TWI underwent a log transformation
(In (twi)) to normalize the data distribution. Polynomial features, specifically squared terms for NDVI and
the mentioned log transformed TWI, were created to enable the model to capture non-linear effects. Input
features (excluding the target) were subjected to Winsorization, removing values below the 1st and above
the 99th percentiles to mitigate outlier influence. Model performance on the test set was evaluated using the
Coefficient of Determination (R?), Root Mean Squared Error (RMSE) and Mean Squared Error (MSE).
Features hindering generalization, such as station identifiers or direct spatio-temporal coordinates, were
excluded from the model inputs to focus on developing a transferable predictive methodology.

Results

The optimized Extreme Gradient Boosting (XGBoost) model was evaluated on an unseen test set comprising
20% of the total data. The model demonstrated a capability in predicting near-surface soil moisture fraction
based on the selected remote sensing indices and engineered topographic features. Performance of the final
model indicates a coefficient of determination of 0.72 and a Root Mean Squared Error of 0.043 (Table 1).
This R? value indicates that about 72.41% of the variance in the observed SM can be explained by the model.
Presenting predictive capability for a generalizable model relying on transferable features. The RMSE
provides the average magnitude of the prediction error in the units of soil moisture.

Table 1 Performance metrics for predicting soil moisture fraction.

Metric Value
R2 (Coefficient of Determination) 0.72
RMSE (Root Mean Square Error) 0.043
MSE (Mean Square Error) 0.002

Visual assessment of the model's predictive accuracy is provided by a scatter plot of predicted versus actual
SM fraction values on the test set (Fig. 2). The plot shows a trend for larger prediction errors at higher soil
moisture values. The relative scarcity of high soil moisture observations in the training data may be related
to the semi-arid climate of the study region, where occurrences of higher humidity and precipitation are less.
Gathering regionally distributed soil moisture data is a challenge. Especially for efficient agricultural
management and environmental monitoring in areas with sparse in-situ sensor networks. Although remote
sensing information is accessible to the public, converting it into precise and generalizable soil moisture
estimations requires modelling approaches. The results demonstrate the potential of using available satellite-
derived indices (NDVI, NDWI, NDMI, LST from Sentinel-2 and Landsat-8) and a topographic parameter
(TWI) along with machine learning to predict near-surface soil moisture fraction. Using specific feature
engineering, including log-transformations and inclusions of polynomial terms, a model based on
transferable features was developed. For the selected region (Zamora, northwestern Spain) case study (2017-
2024), the model achieved promising performance on the test set, with an R? of 0.7241 and RMSE of 0.0427.

Conclusions

The preliminary findings provide a foundation for further development. The model showed greater
divergence between predicted and actual values at higher soil moisture levels. Such behavior likely linked
to the relative deficiency of such wet condition observations in the predominantly semi-arid training dataset.
This highlights an opportunity for refinement in the form of validating and adapting this methodology across
diverse climatic regions, especially those incorporating a wider range of moisture conditions. It might be a
key next step to improve model accuracy and confirm its broader applicability. Future study may require the
integration of additional static, generalizable environmental characteristics, such as soil parameters or land
cover classifications, which can substantially affect soil moisture dynamics. The presented results and
methodology demonstrate that machine learning models based on publicly available remote sensing data can
provide insights for regional soil moisture assessment. Such tools are directly applicable to agricultural
decision support, informing irrigation practices, assessing drought risk, and contributing to sustainable land
management strategies.
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Predicted vs. Actual Soil Moisture (Test Set)
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Figure 2 Predicted vs. actual Soil Moisture fraction values

This approach is particularly vital for regions requiring rapid, large-scale environmental assessment where
ground access is limited, unsafe, or has been disrupted. For the post-war reconstruction of Ukraine,
methodologies like this offer capabilities for monitoring the ecological state of agricultural lands and
territories affected by military actions, assessing land degradation, and ensuring water resource security to
support a safe and sustainable recovery.

References

Dorigo, W. A., Xaver, A., Vreugdenhil, M., Gruber, A., Hegyiovd, A., Sanchis-Dufau, A. D., Zamojski, D.,
Cordes, C., Wagner, W., & Van Der Schalie, R. (2021). The International Soil Moisture Network:
serving Earth system science for over a decade. Hydrology and Earth System Sciences, 25(11), 5749-
5804. https://doi.org/10.5194/hess-25-5749-2021

Imtiaz, F., Farooque, A. A., Randhawa, G. S., Wang, X., Esau, T. J., Acharya, B., & Hashemi Garmdareh,
S. E. (2024). An inclusive approach to crop soil moisture estimation: Leveraging satellite thermal

infrared bands and vegetation indices on Google Earth engine. Agricultural Water Management, 306,
109172. https://doi.org/10.1016/j.agwat.2024.109172

Lamichhane, M., Mehan, S., & Mankin, K. R. (2025). Soil Moisture Prediction Using Remote Sensing and
Machine Learning Algorithms: A Review on Progress, Challenges, and Opportunities. Remote
Sensing, 17(14), 2397. https://doi.org/10.3390/rs17142397

Pigulevskiy, P., Svistun, V., Slobodyaniuk, S., Kyryliuk, A. (2016). Studying of modern flooding of
southwestern part Krivbass by geophysical methods. Geoinformatics 2016 - XVth International
Conference on Geoinformatics - Theoretical and Applied Aspects, https://doi.org/10.3997/2214-
4609.201600477

Tiapkin, O..K., Onyshchenko, S. A., Piskunov, O. V. (2025). Engineering-ecological research of the upper
part of geological section using seismic data. Geofizychnyi Zhurnal, 47(2), 150-155.
https://doi.org/10.24028/gj.v47i2.322491

Yamazaki, D., Trigg, M. A., Ikeshima, D., et al. (2022). MERIT Hydro: A High-Resolution Global
Hydrography Map Derived From Latest Elevation Data. Water Resources Research, 58(10),
https://doi.org/10.1029/2019WR024873

International Conference of Young Professionals “GeoTerrace-2025”
6-9 October 2025, Lviv, Ukraine



