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Abstract

Accurate mapping of soil total nitrogen (STN) is fundamental for advancing sustainable
and precision soil management. While digital soil mapping (DSM) has increasingly relied
on Earth observation (EO) data, the potential of various synthetic aperture radar (SAR)
features, particularly interferometric coherence and texture, remains underexplored for
large-scale STN prediction. This study aimed to systematically evaluate the potential of
multiple Sentinel-1 SAR-derived features, including backscatter coefficients, interferometric
coherence, and texture metrics, for modeling and mapping STN across the Iberian Penin-
sula. We integrated 4296 soil samples from the 2018 LUCAS dataset with multi-source
environmental covariates processed via the Google Earth Engine (GEE) platform. Nine
modeling scenarios were designed to compare individual and combined contributions of
Sentinel-1, Sentinel-2, topographic, and climatic variables using random forest (RF) and
extreme gradient boosting (XGBoost) algorithms. The results indicated that the selection
of SAR-derived features significantly influences prediction accuracy. Among individual
Sentinel-1 feature groups, texture metrics and interferometric coherence outperformed the
traditionally used backscatter coefficients, emphasizing their effectiveness in STN map-
ping. Specifically, texture-based and coherence-based models achieved R2 values of 0.34 to
0.35 and 0.33, respectively, whereas backscatter-only models yielded the lowest accuracy
(R2 = 0.29 to 0.30). The integration of all three radar categories substantially improved
performance (R2 = 0.39 to 0.42), surpassing the performance of models based solely on
Sentinel-2 optical data (R2 = 0.33 to 0.34). The most comprehensive model, which com-
bined multi-source EO data with topographic and climatic variables, achieved the highest
overall accuracy with R2 values of 0.51 for RF and 0.52 for XGBoost. Variable importance
analysis confirmed that satellite-derived variables were the most influential group. Spatial
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predictions successfully captured the heterogeneity of STN across the peninsula, with
higher concentrations in humid, mountainous regions and lower values in arid central
plateaus and southern regions. This study demonstrates that integrating diverse Sentinel-1
radar information, particularly coherence and texture, provides a robust alternative or
complement to optical data, offering a powerful tool for large-scale soil property mapping.

Keywords: earth observation; soil total nitrogen; Sentinel-1; Sentinel-2; soil mapping

1. Introduction
Soil total nitrogen (STN) plays a fundamental role in sustaining soil fertility and regu-

lating terrestrial nutrient cycles [1]. As a key element of soil nutrient dynamics, STN directly
affects plant productivity, microbial processes, and ecosystem functioning [2,3]. Accurate
knowledge of STN distribution is crucial for optimizing fertilizer use, minimizing environ-
mental impacts, and promoting sustainable agricultural practices. However, traditional
laboratory-based soil surveys are costly and time-consuming, limiting their applicabil-
ity for large-area assessments [4]. In this context, satellite-based remote sensing offers a
powerful and cost-effective alternative for characterizing the spatio-temporal variability
of soil properties at large scales. Therefore, developing accurate satellite-based large-scale
STN mapping methods has become a pressing priority for advancing soil monitoring and
precision agriculture.

The emergence of digital soil mapping (DSM) has provided a valuable framework for
predicting soil properties by linking field measurements with environmental covariates [5].
This approach relies on the quantitative relationships between observed soil attributes and
auxiliary variables such as climate, topography, land use, and remotely sensed data [6].
Among these, Earth observation (EO) data from satellite missions have become particularly
indispensable due to their wide spatial coverage, temporal continuity, and capacity to
represent surface conditions relevant to soil processes [7]. Optical remote sensing, in
particular, has dominated DSM studies owing to its extensive spectral information and long
historical record [8]. However, the reliance on cloud-free imagery restricts its applicability
in regions characterized by persistent cloud cover or rainy seasons. In contrast, synthetic
aperture radar (SAR) systems operate independently of daylight and weather conditions,
offering a robust alternative source of information [9]. As a result, SAR observations have
attracted increasing attention as a promising data source for DSM [10,11], although several
methodological challenges remain unresolved.

One of the major challenges in SAR-based DSM is the effective selection and utiliza-
tion of radar-derived features. Diverse SAR features can be extracted through different
processing strategies, such as backscatter coefficient, interferometric coherence, and textu-
ral metrics [12]. Among these, the backscatter coefficient represents the most direct and
widely used SAR observable, capturing the interaction between microwave signals and
land surface characteristics [13]. Its relative ease of acquisition has led to its extensive use
in radar-based DSM studies [8,11]. Early investigations demonstrated that multi-temporal
SAR backscatter contains useful information for predicting soil properties, including soil
organic carbon and total nitrogen, although radar-only models often lagged behind optical-
based counterparts in terms of accuracy [14,15]. The emergence of cloud-computing
platforms such as Google Earth Engine (GEE) has substantially reduced computational
barriers, enabling the efficient processing and integration of long-term SAR time series [16].
Recent studies have shown that when multi-frequency, multi-polarization, or multi-orbit
backscatter datasets are systematically exploited, SAR-based models can achieve perfor-
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mance comparable to, or even exceeding, that of optical-only approaches [17,18]. Despite
this progress, most existing studies remain heavily focused on backscatter intensity, while
other SAR-derived features relevant to STN mapping have received far less attention.

Interferometric coherence constitutes another important yet underexplored SAR fea-
ture for DSM applications. Coherence measures the degree of similarity between re-
peated SAR acquisitions and has been widely used to monitor surface dynamics [19,20].
Time-series coherence has been successfully applied in agricultural and vegetation-related
studies, including crop monitoring, vegetation parameter prediction, and soil moisture
retrieval [21–23]. However, its value for predicting soil properties, including STN, is still
largely unknown. In addition, SAR backscatter images can be further analyzed using
grey-level co-occurrence matrix (GLCM) techniques to extract texture features, which help
characterize spatial heterogeneity and reduce speckle-related noise [24,25]. Texture fea-
tures have shown promise in a wide range of radar-based applications [26–28], yet their
contribution to DSM tasks, particularly for STN estimation, has received limited attention.
Backscatter, coherence, and texture features provide complementary information that cap-
tures different aspects of the land surface. Their combination has been emphasized in many
radar-based studies as an effective strategy to enhance information richness and improve
model robustness [29,30]. Nevertheless, the joint exploitation of backscatter, coherence,
and texture for STN mapping has rarely been evaluated in a systematic manner, leaving
a significant research gap regarding their relative and synergistic contributions to model
performance. To further illustrate these research gaps, Table 1 summarizes the specific SAR
feature types employed in recent representative satellite-based DSM studies, highlighting
the limited focus on SAR coherence and texture compared to backscatter.

Table 1. Comparison of satellite data sources and SAR-derived feature types employed in recent
representative satellite-based DSM studies.

Study Year Study Region Optical SAR Backscatter SAR Coherence SAR Texture

[3] 2022 Yellow River Basin, China Yes No No No
[8] 2026 Europe Yes Yes No No

[10] 2024 Xinjiang, China Yes Yes No No
[11] 2026 Danjiangkou, China Yes Yes No No
[14] 2020 Spain Yes Yes No No
[15] 2019 Heihe River Basin, China Yes Yes No No
[17] 2025 Europe Yes Yes No No
[18] 2023 Austria Yes Yes No No
[28] 2022 Western Australia Yes Yes No Yes

This study 2026 Iberian Peninsula Yes Yes Yes Yes

Against this background, the objective of this study was to systematically evaluate
the capability of multiple Sentinel-1 SAR-derived features—including backscatter, inter-
ferometric coherence, and texture metrics—for modeling and mapping STN across the
Iberian Peninsula. Specifically, the objectives are to: (1) evaluate the prediction value
of radar backscatter, interferometric coherence, and texture features individually and in
combination; (2) unlock the potential of Sentinel-1 radar observations for STN mapping
by systematically exploiting complementary SAR information; and (3) compare the perfor-
mance of SAR-based models with those developed using Sentinel-2 optical imagery, which
is commonly employed in DSM. By systematically comparing these feature sets and their
synergies, this work seeks to clarify the role of multi-source SAR information in improving
large-scale STN mapping and to provide guidance for future integration of radar data into
operational DSM frameworks.
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2. Materials and Methods
2.1. Study Area

This study was conducted on the Iberian Peninsula, which forms the southwestern
extremity of Europe and is bounded by the Atlantic Ocean to the west and north and the
Mediterranean Sea to the east and southeast (Figure 1). Its physiography is highly hetero-
geneous, characterized by an extensive interior plateau surrounded by multiple mountain
systems [31]. Topographic variation is considerable, with elevations ranging from sea level
to over 3400 m in mountainous areas, and an average altitude close to 600 m [31,32]. The
climate is predominantly Mediterranean; however, the northwestern and northern sectors
are more strongly influenced by a temperate oceanic climate, and high-elevation areas
show localized alpine climatic effects [33]. The pronounced climatic gradients across the
peninsula support a wide variety of ecosystems, ranging from sparsely vegetated semi-arid
landscapes to dense deciduous broadleaf forests and evergreen coniferous woodlands [34].
Agricultural landscapes are extensive, accounting for nearly half of the total land surface,
and include a variety of crops such as olives, cereals, and grapes [35]. STN plays a pivotal
role in maintaining crop yields and regulating soil fertility, making it a key determinant
of agricultural sustainability and soil health in the Iberian Peninsula. Therefore, accurate
spatial prediction of STN is essential for optimizing fertilization strategies and support-
ing sustainable agricultural development in the region. The prevailing soil groups are
Cambisols, Regosols, and Leptosols, with Luvisols, Fluvisols, and Calcisols also widely
distributed [36].

Figure 1. Map of the study area showing soil sampling locations from the LUCAS 2018 Soil Survey
and elevation across the Iberian Peninsula.

2.2. Soil Dataset

The soil observations used in this study were obtained from the LUCAS Soil Survey,
initiated by Eurostat as part of a European Union (EU)-wide effort to systematically monitor
soil conditions [37,38]. The LUCAS Soil Survey represents the only harmonized and
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regularly implemented soil sampling campaign across the EU. The first sampling campaign
was conducted in 2009, followed by subsequent surveys in 2015, 2018, and most recently in
2022. For the LUCAS Soil Survey, soil sampling locations were distributed systematically
across the survey domain at an approximate density of one site per ~200 km2 [39]. A
total of 18,984 georeferenced sampling locations are available in the quality-controlled
2018 LUCAS Soil dataset. At each site, surveyors collected a composite topsoil sample by
pooling five subsamples: one taken at the reference point and four taken 2 m away in the
cardinal directions (N, E, S, W), with a target composite mass of 500 g [40]. The composite
samples were air-dried and sieved to 2 mm before laboratory analysis to determine a range
of physical and chemical soil properties. All analytical procedures were performed in an
ISO-certified laboratory following standardized protocols [8]. Detailed descriptions of the
field sampling procedures, laboratory workflows, and data quality controls are provided
in [40]. For this study, we extracted a subset of 4296 LUCAS 2018 samples located within
the Iberian Peninsula to support the spatial modeling of STN across the region (Figure 1).
The STN values in the study area ranged from 0.20 to 20.00 g/kg, with a mean of 2.01 g/kg
and a standard deviation of 1.64 g/kg; additional descriptive statistics are provided in
Table S1. The LUCAS 2018 soil dataset was selected for this study as it is the most recent
publicly available LUCAS soil dataset, with the LUCAS 2022 soil dataset not yet publicly
accessible. Additionally, the operational status of Sentinel-1/2 satellites by 2018 facilitated
the effective integration of satellite imagery with the soil observations. The dataset was
accessed via the European Soil Data Centre (ESDAC) [38].

2.3. Environmental Data

The environmental covariates used in this study encompassed Sentinel-1 SAR and
Sentinel-2 optical imagery, as well as topographic and climatic data. Since the original
spatial resolutions of these covariates varied across data sources, all raster layers were
resampled to a common spatial resolution of 100 m to ensure consistency in subsequent
analyses. Attribute values of each predictor were extracted at the locations of the sampling
points. The extracted values, together with the soil data and all raster layers, were integrated
within a geographic information system using the UTM/WGS84 projection for subsequent
modeling. Details regarding the sources and preprocessing of the environmental data are
provided below.

2.3.1. Topographic and Climatic Variables

Topographic variables were derived from the SRTM DEM available on the GEE plat-
form. The SRTM dataset provides near-global elevation coverage at a spatial resolution of
approximately 30 m. Based on this DEM, nine terrain indices were calculated using SAGA
GIS, including elevation, slope, plan curvature, profile curvature, and topographic wetness
index (TWI). Climatic variables were obtained from the WorldClim dataset accessible in
GEE, which provides long-term climatic summaries derived from monthly temperature
and precipitation records. These layers are interpolated from global meteorological station
observations and have been widely used in regional-scale environmental and soil model-
ing [41,42]. In this study, mean annual temperature (MAT) and mean annual precipitation
(MAP) were extracted from the WorldClim dataset and used as climatic inputs for sub-
sequent modelling. The Pearson correlation coefficients between STN and the selected
topographic and climatic variables are illustrated in Figure 2. The results indicated that
STN was significantly correlated with most variables, particularly showing strong positive
correlations with MAP (correlation coefficient of 0.53) and slope (0.37), while exhibiting a
negative correlation with TWI (−0.38).
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Figure 2. Correlogram showing Pearson correlation coefficients between STN and environmental
factors. Values in the cells represent correlation coefficients (*: significant at p <0.05; **: significant at
p < 0.01).

2.3.2. Sentinel-1

The Sentinel-1 constellation, operated by the European Space Agency (ESA), comprises
two C-band SAR satellites that provide all-weather, day-and-night observations [43]. Each
satellite has a 12-day revisit cycle, which is reduced to approximately 6 days when both
satellites operate concurrently [44]. Sentinel-1 offers multiple imaging modes with varying
spatial resolutions and swath widths. Over terrestrial areas, the interferometric wide
swath (IW) mode is most commonly employed, offering a spatial resolution of 5 m × 20 m
and a swath width of up to 250 km [18]. In this study, Sentinel-1 IW ground range
detected (GRD) imagery available on the GEE platform was used. The GRD archive in
GEE is provided after standard preprocessing using the Sentinel-1 Toolbox workflow
within the Sentinel Application Platform (SNAP) [45], an open-source architecture for the
exploitation and analysis of Sentinel data products. We assembled all Sentinel-1 GRD
acquisitions covering the study region up to 2018 and then filtered the archive based on
image metadata, including acquisition date, orbit direction, and polarization configuration.
Monthly composites are widely adopted in previous DSM studies using Sentinel-1 data and
have demonstrated strong prediction performance [17,46]. Accordingly, this compositing
strategy was implemented in the present study. Specifically, all available Sentinel-1 GRD
images within each month were composited using the median function to produce monthly
composite datasets. We generated monthly median composites for each polarization and
orbit direction, resulting in 12 temporal intervals and a total of 48 Sentinel-1-derived
backscatter features used for model development (Table 2).
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Table 2. Detailed description of Sentinel-1 derived features used in this study.

Feature Category Derived Variables Polarizations Data Source

Backscatter Monthly median composites VV, VH Sentinel-1 GRD

Texture
Mean, Variance, Homogeneity,

Contrast, Dissimilarity, Entropy,
Second Moment, Correlation

VV, VH GLCM-derived texture features from
backscatter composites

InSAR Coherence Seasonal median coherence VV Global seasonal Sentinel-1 repeat-pass
InSAR coherence dataset [47]

Additionally, we extracted textural information from the VV and VH polarized
backscatter composites using the GLCM method. For each backscatter image, eight GLCM
texture metrics were calculated: mean, variance, homogeneity, contrast, dissimilarity, en-
tropy, angular second moment, and correlation. These metrics were calculated using a
5 × 5 moving window, averaging across four directions (0◦, 45◦, 90◦, and 135◦) [25]. All
texture calculations were implemented using the “glcm” package (version 1.6.5) in the R
software (version 4.2.3).

Furthermore, we incorporated the global seasonal Sentinel-1 repeat-pass InSAR coher-
ence dataset published by [47]. This product was generated from ~205,000 Sentinel-1 IW
acquisitions collected from 1 December 2019 to 30 November 2020 and provides median
seasonal coherence estimates for multiple temporal baselines (6/12/18/24/36/48 days).
Because HH-polarized coherence is not spatially complete over our study region,
only the VV coherence images were retained; specifically, 24 VV coherence images
(4 seasons × 6 baselines) were used in the subsequent analysis (Table 2).

2.3.3. Sentinel-2

The Sentinel-2 constellation operated by ESA consists of two multispectral imaging
satellites with a combined revisit interval of 5 days [48]. It forms part of the Copernicus pro-
gramme and carries the MultiSpectral Instrument (MSI), which acquires data in 13 spectral
bands at spatial resolutions of 10, 20, and 60 m across a swath width of about 290 km [49].
Owing to its high spatial resolution, wide spectral coverage, and reliable data quality,
Sentinel-2 has become one of the most widely used optical data sources in DSM applica-
tions [3,50]. In this study, all Sentinel-2 surface reflectance images (Level–2A) with less than
10% cloud cover available on the GEE platform up to 2018 were collected. The Sentinel-2
surface reflectance dataset in GEE was geometrically, radiometrically and atmospherically
corrected using Sen2Cor [51], a specialized atmospheric correction processor designed to
generate Sentinel-2 Level-2A surface reflectance data. During preprocessing, cloud and
cirrus contamination were removed using the QA60 quality assessment band. Subsequently,
all available images were composited using the median reducer function to generate a
Sentinel-2 composite. Finally, ten spectral bands (B2–B8A, B11, and B12) were extracted
from the composite imagery and used as optical variables for the modeling analyses.

2.4. Predictor Selection

Selecting an appropriate subset of predictors is a crucial step in machine learning–
based DSM, as high-dimensional predictor spaces often contain redundant or weakly
informative variables that can degrade model performance and increase computational
cost [52,53]. To address this issue, recursive feature elimination (RFE) was employed to
identify the most relevant predictors without compromising model performance. RFE
is a wrapper-based backward elimination technique that iteratively removes the least
important predictors based on their contribution to model performance [54]. The procedure
starts by fitting a model with all available predictors and ranking them according to
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variable importance measures. In each subsequent iteration, the least influential predictor is
removed, the model is refitted using the reduced predictor subset, and performance metrics
are recalculated [55]. The subset of predictors that yields the lowest prediction error is
then retained as the optimal feature set. This approach effectively reduces redundancy and
multicollinearity among environmental variables while maintaining prediction accuracy,
as widely demonstrated in DSM applications [52,56].

2.5. Prediction Models

In this study, random forest (RF) and extreme gradient boosting (XGBoost) were
selected to construct the DSM models, as they are currently the most widely adopted
machine learning algorithms in the field, consistently demonstrating superior prediction
performance and stability in capturing complex soil–environment relationships. Compared
to traditional geostatistical methods or other machine learning models, these ensemble
tree-based approaches have become the preferred choice in numerous DSM studies [57,58].
In this study, the “caret” package (version 6.0-94) in the R software (version 4.2.3) was
employed to perform RFE for predictor selection and to optimize user-defined parameters
for both RF and XGBoost via a grid-search approach [18]. The final RF and XGBoost models
were constructed using the “randomForest” (version 4.7-1.1) and “xgboost” (version 1.7.6.1)
packages, respectively.

2.5.1. Random Forest

RF is an ensemble tree-based machine learning algorithm widely used for classification
and regression tasks. It operates by aggregating the predictions of multiple decision trees
trained on different subsets of the data to produce a final output [8]. In RF, a large number
of decision trees are constructed independently, with randomness introduced during the
training process. This randomization not only improves model generalization but also
mitigates the risk of overfitting. The final results from individual trees are then aggregated
to produce the final output, typically by averaging for regression tasks or majority voting
for classification tasks [59]. Owing to its strong prediction performance, robustness to
overfitting, and relatively simple implementation, RF has been widely adopted in DSM
applications [8,60]. In RF modeling, two main parameters require tuning: (i) the number of
trees in the forest (ntree); and (ii) the number of predictor variables randomly selected at
each node (mtry) [61].

2.5.2. Extreme Gradient Boosting

XGBoost, introduced by [62], is an efficient and scalable gradient-boosting algorithm
that has been widely used due to its strong prediction performance and computational
efficiency. XGBoost is essentially a tree-based ensemble learning algorithm that constructs
a series of decision trees in sequence, where each subsequent tree is trained to fit and
correct the residuals of the previous one, thereby progressively improving overall predic-
tion accuracy. A distinctive feature of XGBoost is the inclusion of regularization terms
in the objective function, which serve to constrain model complexity and reduce the risk
of overfitting, thus improving model robustness and generalization [63]. With its strong
prediction capability, effective overfitting control, and excellent scalability, XGBoost has
been increasingly applied in DSM studies [53,58]. The model includes several key pa-
rameters that require tuning, which significantly influence model performance. Detailed
descriptions of these parameters are available in [62].

2.6. Evaluation of Model Performance

To systematically assess the prediction capability of different data sources and their
combinations, we designed nine prediction scenarios representing distinct groups of input
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variables (Table 3). The scenarios included different configurations of Sentinel-1 radar data,
Sentinel-2 optical features, and topographic and climatic covariates. Specifically, the first
three scenarios were based on individual categories of Sentinel-1 data, including coherence,
backscatter, and texture features, while the fourth combined all three radar-derived vari-
ables. Scenario 5 was built using Sentinel-2 optical features, followed by Scenario 6, which
integrated all variables derived from both Sentinel-1 and Sentinel-2 imagery. Scenario 7
consisted solely of topographic and climatic covariates. Scenario 8 combined Sentinel-2
optical features with topographic and climatic variables, while Scenario 9 combined all
Sentinel-1/2-derived features with topographic and climatic variables to form the most
comprehensive dataset. These nine scenarios were intentionally structured to (i) compare
the modeling performance of different Sentinel-1 feature types (coherence, backscatter,
and texture), (ii) assess the added value of integrating Sentinel-1 and Sentinel-2 imagery,
and (iii) compare the performance of DSM models constructed using Sentinel-1/2 data
either independently or in combination with common topographic and climatic covari-
ates, thereby evaluating their respective predictive power for STN. For each of the nine
scenarios, RF and XGBoost algorithms were applied to develop prediction models. Model
performance was evaluated using a 10-fold cross-validation approach, in which the dataset
was randomly divided into ten equal subsets [64]. During each iteration, nine subsets were
used for training and the remaining one for validation. This procedure was repeated ten
times so that every subset served as a validation set once, and the overall performance
metrics were computed as the mean of the ten iterations. Three statistical metrics were
used to assess model accuracy: the coefficient of determination (R2), mean absolute error
(MAE) and root mean square error (RMSE).

Table 3. Description of the experimental scenarios and the composition of input variable groups.

Scenario Coherence Backscatter Texture Sentinel-2 Terrain and Climate Description

Scenario 1
√

Individual SAR coherence
Scenario 2

√
Individual SAR backscatter

Scenario 3
√

Individual SAR texture
Scenario 4

√ √ √
All SAR-derived features

Scenario 5
√

Sentinel-2 optical features
Scenario 6

√ √ √ √
Sentinel-1/2 imagery

Scenario 7
√

Terrain and climate
Scenario 8

√ √
Sentinel-2, terrain, and climate data

Scenario 9
√ √ √ √ √

Full feature set

3. Results
3.1. Modeling Performance Under Different Prediction Scenarios

The prediction accuracy of STN under the nine modeling scenarios is summarized in
Table 4. The results show clear differences in model performance depending on the input
variable configuration. Among the scenarios based on individual Sentinel-1 categories (Sce-
narios 1–3), texture features (Scenario 3) provided the most accurate predictions, achieving
R2 values of 0.34 and 0.35 for RF and XGBoost, respectively. The coherence-based model
(Scenario 1) showed intermediate performance within the single-source radar group, yield-
ing an R2 of 0.33 and an RMSE of 1.37 g/kg for both algorithms. In contrast, backscatter
(Scenario 2) exhibited the lowest prediction capability among all tested scenarios, with R2

values ranging from 0.29 to 0.30 and the highest RMSE (1.45 g/kg). The combination of
all radar-derived variables in Scenario 4 significantly improved performance compared
to the individual radar scenarios, increasing the R2 to 0.39 for RF and 0.42 for XGBoost.
Sentinel-2 optical features (Scenario 5) provided a prediction accuracy (R2 = 0.33–0.34)
comparable to the individual radar coherence and texture scenarios. However, this perfor-
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mance was inferior to the model integrating all three radar categories (Scenario 4), which
yielded higher R2 values (R2 = 0.39–0.42). Despite this, the integration of all Sentinel-1 and
Sentinel-2 features (Scenario 6) led to a marked improvement, with R2 values increasing
from 0.33–0.34 to 0.44–0.45. Topographic and climatic covariates alone (Scenario 7) yielded
slightly lower accuracy (R2 = 0.42–0.43) compared to the combined remote sensing data
(Scenario 6). When Sentinel-2 optical features were integrated with topographic and cli-
matic variables (Scenario 8), model performance further improved, reaching R2 values of
0.47 for RF and 0.48 for XGBoost. Finally, the most comprehensive configuration, Scenario 9
(Figures S1 and S2), which integrated Sentinel-1/2-derived features with topographic and
climatic variables, attained the highest overall accuracy, achieving an MAE of 0.71 g/kg, an
RMSE of 1.24 g/kg, and an R2 of 0.51 for RF, while XGBoost performed slightly better with
an MAE of 0.70 g/kg, an RMSE of 1.22 g/kg, and an R2 of 0.52.

Table 4. Comparison of the mean and standard deviation (SD) of soil total nitrogen prediction
performance for RF and XGBoost across nine scenarios based on ten-fold cross-validation.

Scenario

RF XGBoost

MAE (g/kg) RMSE (g/kg) R2 MAE (g/kg) RMSE (g/kg) R2

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Scenario 1 0.81 0.02 1.37 0.17 0.33 0.04 0.81 0.02 1.37 0.17 0.33 0.05
Scenario 2 0.84 0.02 1.45 0.17 0.30 0.04 0.84 0.03 1.45 0.17 0.29 0.04
Scenario 3 0.81 0.02 1.42 0.17 0.34 0.04 0.80 0.03 1.40 0.17 0.35 0.04
Scenario 4 0.78 0.02 1.37 0.18 0.39 0.05 0.77 0.02 1.34 0.18 0.42 0.05
Scenario 5 0.81 0.03 1.38 0.17 0.33 0.03 0.81 0.03 1.37 0.17 0.34 0.04
Scenario 6 0.76 0.03 1.32 0.18 0.44 0.05 0.75 0.03 1.29 0.18 0.45 0.04
Scenario 7 0.75 0.03 1.28 0.17 0.43 0.04 0.76 0.03 1.29 0.17 0.42 0.04
Scenario 8 0.74 0.03 1.27 0.18 0.47 0.05 0.73 0.03 1.25 0.18 0.48 0.05
Scenario 9 0.71 0.03 1.24 0.19 0.51 0.06 0.70 0.04 1.22 0.19 0.52 0.06

Note: R2: the squared Pearson correlation coefficient between observed and predicted values.

3.2. Variable Importance

Figure 3 illustrates the relative importance of the top 20 predictors for STN mapping
using the RF algorithm under Scenarios 4 and 9. The relative importance of variables
was quantified using the increase in mean squared error (%IncMSE) derived from the
RF algorithm. In the model based solely on radar coherence, backscatter, and texture
features (Scenario 4), the cumulative importance of these categories was 69%, 17%, and
14%, respectively. This ranking order of collective importance remained consistent in
the model incorporating all environmental variables (Scenario 9), where these categories
accounted for 14%, 6%, and 2% of the total importance, respectively. In Scenario 4, the
top five most important variables were all derived from coherence features, with the two
highest-ranked variables corresponding to coherence features with the shortest temporal
baselines. In the comprehensive model (Scenario 9), satellite-derived variables exhibited
the highest cumulative importance (52%), followed by climatic (34%) and topographic
(14%) variables. Specifically, the top five variables in this model comprised two climatic
variables (ranked 1st and 2nd), two satellite-derived variables, and one DEM derivative.

3.3. Spatial Prediction of STN

The spatial distributions of STN across the Iberian Peninsula, predicted by the RF
and XGBoost models under six comprehensive scenarios (Scenarios 4–9), are illustrated
in Figures 4 and 5, respectively, while the results for individual SAR-derived features
(Scenarios 1–3) are provided in Figures S3 and S4. Overall, the RF and XGBoost models
exhibited consistent spatial patterns across the study area. A distinct spatial heterogeneity
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in STN content was observed in all predicted maps, which aligns well with the observed
gradient in the original LUCAS samples (Figure S5). High STN concentrations were
predominantly distributed in the northern and northwestern regions, corresponding to the
mountainous and humid areas. In contrast, the central plateau and the southern regions
generally exhibited lower STN values, forming a clear north–south gradient. Predictions
based solely on remote sensing data (Scenario 4 and Scenario 5) captured fine-scale spatial
variability. Scenario 7, derived exclusively from topographic and climatic covariates,
produced smoother spatial transitions and clearly delineated the broader regional trends of
STN distribution. Scenario 9, which integrated Sentinel-1/2 features with environmental
covariates, combined the advantages of the other scenarios, preserving both the broad
spatial trends and the detailed local variations.

Figure 3. Ranking of the top 20 most important variables identified by the RF model. (a) Sce-
nario 4: model constructed using only Sentinel-1 radar features (coherence, backscatter, and tex-
ture); (b) Scenario 9: comprehensive model combining Sentinel-1/2 features with climatic and
topographic covariates.

Figure 4. Spatial distribution of STN predicted by the RF model across the Iberian Peninsula under
six modeling scenarios (Scenarios 4–9). The subplots correspond to predictions based on different
variable combinations: (a) Scenario 4 (all SAR-derived features); (b) Scenario 5 (Sentinel-2 optical
features); (c) Scenario 6 (Sentinel-1/2 imagery); (d) Scenario 7 (terrain and climate data); (e) Scenario
8 (Sentinel-2, terrain, and climate data); and (f) Scenario 9 (full feature set). The black rectangles and
adjacent panels illustrate zoomed-in details of the prediction maps.
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Figure 5. Spatial distribution of STN predicted by the XGBoost model across the Iberian Peninsula
under six modeling scenarios (Scenarios 4–9). The subplots correspond to predictions based on
different variable combinations: (a) Scenario 4 (all SAR-derived features); (b) Scenario 5 (Sentinel-2
optical features); (c) Scenario 6 (Sentinel-1/2 imagery); (d) Scenario 7 (terrain and climate data);
(e) Scenario 8 (Sentinel-2, terrain, and climate data); and (f) Scenario 9 (full feature set). The black
rectangles and adjacent panels illustrate zoomed-in details of the prediction maps.

4. Discussion
4.1. Comparison of Prediction Capabilities Among Different Scenarios

Our results demonstrate that the selection of input variables and the integration of
multi-source data significantly influence the prediction accuracy of STN. The compara-
tive analysis of different modeling scenarios highlights the varying capacities and mutual
complementarity of Sentinel-1 radar features, Sentinel-2 optical data, and traditional en-
vironmental covariates (topography and climate) in capturing the spatial variability of
STN. Among the individual Sentinel-1 feature groups, the superior performance of tex-
ture features and interferometric coherence compared to backscatter provides important
insights into the utility of SAR data for STN mapping. Remote sensing-based texture fea-
tures capture the spatial heterogeneity and structural patterns of the landscape [65], which
often correlate with the spatial distribution of soil properties. Coherence also provided
competitive results, outperforming backscatter. This suggests that coherence observation
provides a unique and valuable radar-derived feature for STN mapping that is frequently
overlooked in traditional SAR-based DSM [46,66]. This finding is supported by the results
of [22,67], who reported that coherence provides valuable information regarding surface
characteristics that is not captured by backscatter features.

Furthermore, the integration of all radar-derived variables significantly outperformed
scenarios relying on a single radar-derived feature group. This improvement is consistent
with reports in the existing literature indicating that different SAR features provide comple-
mentary information regarding surface characteristics [19,67]. The combined use of these
features effectively mitigates the limitations of individual SAR parameters, providing a
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more comprehensive characterization of the land surface as it relates to STN variability. Our
results indicate that Sentinel-2 optical features provided a prediction accuracy comparable
to individual SAR features (coherence and texture) but were inferior to the model incorpo-
rating all radar features. This differs from previous DSM research comparing Sentinel-1
and Sentinel-2, which reported that Sentinel-2 achieved higher prediction accuracy than
Sentinel-1 [68]. This discrepancy may be due to our integration of multiple radar-derived
features from the Sentinel-1 sensor, which further mined the potential of Sentinel-1 for
STN mapping. While Sentinel-2 is the most commonly used optical sensor in DSM due to
its high prediction accuracy, resolution, and data quality [7], the superior performance of
Sentinel-1 features in this study underscores the reliability of SAR as a robust alternative
or supplement, particularly in regions where cloud cover limits optical data availability.
However, the joint use of Sentinel-1 radar and Sentinel-2 optical data significantly im-
proved prediction accuracy. This result indicates that these two sensors provide highly
complementary information, consistent with previous DSM studies that emphasized the
advantages of integrating optical and SAR sensors to enhance model performance [11,69].
Nevertheless, those previous efforts primarily relied on the backscatter coefficients of radar
sensors, while ignoring the great potential of coherence and texture features in mapping
soil properties.

Our results show that while topographic and climatic variables alone demonstrated
favorable prediction performance, their performance was lower than the combined use of
Sentinel-1 radar and Sentinel-2 optical data. This result further emphasizes the indispens-
able role of Sentinel-1/2 features. This differs from previous DSM research that reported
higher prediction power for topographic and climatic variables [68]. These differences may
stem from the different strategies utilized for Sentinel-1 and Sentinel-2 data; specifically, we
utilized three categories of SAR-derived features from long-term Sentinel-1 observations
to fully exploit the potential of the sensor. The highest overall accuracy was achieved in
Scenario 9, which combined all remote sensing features with topographic and climatic data
(R2 = 0.51 for RF and 0.52 for XGBoost), which is consistent with previous DSM studies
integrating EO and traditional environmental variables [15,70]. However, the moderate
R2 values suggest that there is still room for further enhancement in model performance.
Unlike many previous DSM studies that integrated a large number of variables representing
soil-forming factors, this study primarily focused on evaluating the potential of different
radar-derived metrics for STN mapping [71,72]. Future research could focus on identify-
ing new explanatory variables that better capture historical soil-forming processes and
fine-scale soil heterogeneity to further improve modeling performance. This study focused
on nine scenarios specifically designed to address the research objectives; however, the
impact of alternative data configurations, such as different Sentinel-1 polarization modes
and acquisition dates, warrants further investigation in future research. Notably, all EO
and traditional environmental variables in this study were obtained and processed via the
GEE cloud platform. The use of GEE allowed for the efficient harmonization of massive
multi-source datasets and provided high-performance parallel computing capabilities,
which greatly enhanced the efficiency of large-scale environmental covariate extraction and
modeling. Our findings suggest that for future large-scale STN mapping, the integration of
multi-source EO data with traditional environmental variables within the GEE framework
remains a highly robust strategy for improving model prediction accuracy and reliability.

4.2. Analysis of Feature Importance

In the model based exclusively on radar-derived features (Scenario 4), InSAR coher-
ence observations exhibited a dominant influence, accounting for 69% of the total variable
importance, which significantly outperformed backscatter (17%) and texture features (14%).
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While previous DSM studies utilizing SAR data have predominantly focused on backscatter
features [69,73], our analysis suggests that backscatter alone may not fully exploit the
potential of Sentinel-1 data for STN mapping. Instead, our findings demonstrate that
coherence provides more critical information for STN modeling than backscatter features
alone. Notably, the two highest-ranked variables in Scenario 4 were coherence features with
the shortest temporal baselines. This result is supported by many studies that have empha-
sized the advantages of short temporal baseline coherence in surface monitoring [74,75].
Consequently, utilizing multi-temporal coherence, particularly from short temporal base-
lines, can provide information that is complementary to backscatter and texture features,
thereby significantly enhancing the capability of SAR data for STN mapping. Overall, this
underscores the untapped potential of using InSAR coherence derived from the Sentinel-1
time series as a key predictor in DSM frameworks.

When incorporating all environmental covariates (Scenario 9), satellite-derived vari-
ables remained the most influential group in terms of cumulative importance (52%), reaf-
firming the essential role of Sentinel radar and optical data for STN mapping. Climatic
variables played a pivotal role in this comprehensive model, occupying the top two posi-
tions in the individual variable ranking and accounting for 34% of the total importance.
Temperature and precipitation are key factors regulating microbial activity, organic matter
decomposition, and nitrogen mineralization rates, which determine STN levels [76]. These
results are consistent with large-scale DSM studies where climatic factors often emerge as
primary predictors for soil chemical properties [77,78]. In addition to satellite and climate
data, topographic variables also played an important role in modeling STN. DEM deriva-
tives, especially elevation, were among the most influential predictors, paralleling previous
research that identifies topography as a critical factor in soil formation and nutrient distri-
bution [68]. Terrain attributes, such as elevation and slope, influence local hydrothermal
conditions and the redistribution of water and sediments, thereby affecting the spatial
heterogeneity of STN [79].

4.3. Analysis of Spatial Patterns

The spatial distributions of STN predicted by our models show strong consistency
with established pedological knowledge of the Iberian Peninsula and align with spatial
trends observed in continental-scale STN mapping products [80]. Our models, which inte-
grated Sentinel-1/2 derived features with environmental factors, preserved both regional
trends and fine-scale variability in STN, providing a comprehensive view of spatial distri-
bution across the Iberian Peninsula. These results align with the growing body of literature
that emphasizes the value of combining remote sensing and environmental covariates
for accurate large-scale soil property predictions [17,81]. Geographically, the highest STN
concentrations were clearly identified in the northern and northwestern territories and
the high-altitude mountain ranges. This distribution pattern aligns with findings from
large-scale soil surveys in Europe, which attribute elevated nitrogen levels to the cool,
humid conditions in these regions [40]. In these regions, the cool and humid conditions
favor organic matter accumulation, which results in high contents of STN in the topsoil.
Furthermore, these high-value areas predominantly correspond to forest and grassland
ecosystems. The dense vegetation cover in these mountainous and humid zones contributes
significantly to nitrogen inputs through litterfall and root turnover. Conversely, lower STN
values were prevalent in the arid inland plateaus, the southern regions, and the Mediter-
ranean coastal zones. These areas generally experience higher temperatures and limited
rainfall, conditions that accelerate the decomposition of organic matter. Additionally, these
low-altitude regions are extensively utilized for intensive agriculture [33]. The lower STN
content in these croplands can be attributed to management practices such as tillage and
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harvest removal, which deplete soil nutrient reservoirs. Despite the potential application
of fertilizers, croplands in these Mediterranean zones typically exhibit lower STN levels
compared to natural vegetation [82].

5. Conclusions
This study systematically evaluated the capability of diverse Sentinel-1 SAR infor-

mation, including backscatter coefficient, interferometric coherence, and texture features,
for modeling and mapping STN across the Iberian Peninsula. By integrating diverse
SAR-derived features with Sentinel-2 optical imagery and traditional environmental covari-
ates within the GEE platform, we clarified the synergistic potential of diverse EO data in
DSM frameworks. Overall, the results showed that the selection of radar-derived features
significantly influences STN prediction accuracy. Among the individual Sentinel-1 fea-
ture groups, texture and interferometric coherence features outperformed the backscatter
features commonly used in DSM. Moreover, the integration of multiple radar features
effectively exploits the complementary information of SAR sensors, and the combined use
of backscatter, coherence, and texture improved performance compared to models based
on a single radar feature group. Although Sentinel-2 optical features achieved performance
levels comparable to a single radar feature group, the model incorporating all radar features
outperformed the optical-only model, indicating that Sentinel-1 radar information provides
a robust alternative or supplement to optical data for STN mapping. Furthermore, the
synergistic use of Sentinel-1 and Sentinel-2 further enhanced prediction accuracy, demon-
strating a substantial complementarity between microwave and multispectral observations,
while variable importance analysis confirmed that EO data was the most influential group
in the modeling process. Under this integrated framework, the comprehensive model
integrating multi-source EO data with topographic and climatic variables achieved the
highest overall accuracy, with R2 values reaching 0.51 for RF and 0.52 for XGBoost. The
GEE platform also proved indispensable for the efficient harmonization and processing
of multi-source geospatial data. Finally, the predicted maps successfully captured the
spatial heterogeneity of STN across the Iberian Peninsula, with high STN concentrations
concentrated in the humid, mountainous northern regions, whereas lower values were
observed in the arid central plateaus and southern regions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agronomy16070750/s1, Table S1: Descriptive statistics of soil
total nitrogen (g/kg) for the LUCAS 2018 soil dataset used in this study; Figure S1: Predicted versus
observed soil total nitrogen based on 10-fold cross-validation for Scenarios 4 to 9 using the RF
algorithm. The red line represents the linear fit of observed and predicted values, and the black line is
the 1:1 line; Figure S2: Predicted versus observed soil total nitrogen based on 10-fold cross-validation
for Scenarios 4 to 9 using the XGBoost algorithm. The red line represents the linear fit of observed and
predicted values, and the black line is the 1:1 line; Figure S3: Spatial distribution of STN predicted
by the RF model across the Iberian Peninsula under scenarios based on individual SAR features
(Scenarios 1–3). The subplots correspond to predictions using single categories of radar information:
(a) Scenario 1 (SAR coherence); (b) Scenario 2 (SAR backscatter); and (c) Scenario 3 (SAR texture).
The black rectangles and adjacent panels illustrate zoomed-in details of the prediction maps; Figure
S4: Spatial distribution of STN predicted by the XGBoost model across the Iberian Peninsula under
scenarios based on individual SAR features (Scenarios 1–3). The subplots correspond to predictions
using single categories of radar information: (a) Scenario 1 (SAR coherence); (b) Scenario 2 (SAR
backscatter); and (c) Scenario 3 (SAR texture). The black rectangles and adjacent panels illustrate
zoomed-in details of the prediction maps; Figure S5: Map of the original LUCAS soil sampling points
showing the spatial variability in measured STN content across the study area.
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